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ABSTRACT 7 

In this paper, we study the problem of heterogeneity in cervical mucus hydration at 8 

different times relatively to the mucus peak both between cycles and women, specifying 9 

and estimating appropriate multilevel latent class models for longitudinal data. We 10 

estimate multilevel and growth latent class models which classify women on the basis 11 

of the evolution of cervical mucus characteristics observed over the fertile period of 12 

each menstrual cycle taking into account that we observe a different number of cycles 13 

per woman, and correlation over time between consecutive observation. The effect of 14 

potential covariates on mucus evolution patterns is as well evaluated. Results confirm 15 

the existence of heterogeneity in mucus evolution between cycles and women. 16 

Moreover, an important significant effect of woman’s age is found.  17 
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1. Introduction 20 

The observation of the cervical mucus symptom (CMS) is a widely used indicator to 21 

identify ovulation and the fertile phase in a menstrual cycle (e.g., Billings et al. 1972). 22 

The mucus symptom allows a woman to precisely define the beginning of this phase 23 

and informs on the event of ovulation because cervical mucus secretions, stimulated by 24 

a rise in oestrogen, are known to increase in volume about 5-6 days prior to ovulation 25 
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(Katz, Slade, and Nakajima 1997; Moghissi, Syner, and Evans 1972). Ovulation is the 26 

key event in a menstrual cycle that determines the fertile interval during which 27 

intercourse can potentially result in pregnancy. Although women typically do not know 28 

when they ovulate, the cycle day of ovulation may be detected retrospectively observing 29 

mucus characteristics evolution over cycle days (World Health Organisation 2000; 30 

Hilgers and Prebil 1979). The mucus peak day is considered to be the last day in the 31 

cycle during which at least one characteristic of high fertility in mucus type has been 32 

observed or felt, moreover, this day must be preceded by an adequate growth in 33 

sensation and appearance of mucus more fertile characteristics which should also show 34 

afterwards a clear change to the less fertile (Fehring 2002). Ovulation is expected within 35 

two days after the peak. The width of the fertile window around ovulation, that is the 36 

number of days during which intercourse has a non-zero probability of resulting in 37 

conception is uncertain, ranging in the reference literature from two to ten days. 38 

However, some studies shown that the probability that a pregnancy results from a single 39 

act of intercourse is small unless intercourse occurs in the interval starting from five 40 

days before ovulation and ending on the day of ovulation (see, for example, Wilcox, 41 

Dunson, and Baird 2000). 42 

There is a wide interest in predicting the fertile days in a menstrual cycle among 43 

couples desiring a pregnancy and among those wishing to avoid conception by periodic 44 

abstinence (Scarpa, Dunson and Colombo 2006; Scarpa and Dunson 2007). Cervical 45 

mucus detection is potentially an accurate marker of the fertile days (Katz 1991; 46 

Dunson, Sinai, and Colombo 2001; Scarpa, Dunson and Colombo 2006). Therefore, it is 47 

of substantial interest to assess the magnitude of heterogeneity among women and 48 

among cycles from a given woman in the trajectory of the detected mucus secretions at 49 

different times during an interval of potential fertility defined relatively to ovulation 50 

(Dunson and Colombo 2003). Recently, for example, Pennoni et al. (2017) estimated 51 

latent Markov models to determine the fertile window in a woman’s cycle, exploiting 52 

information on mucus and basal body temperature registered by couples instructed in a 53 

number of European centres teaching natural family planning methods (Colombo 54 

Masarotto, 2000).  55 

In this paper, we study the problem of heterogeneity in cervical mucus hydration at 56 

different times relatively to the mucus peak both between cycles and women, specifying 57 

and estimating appropriate multilevel latent class models for longitudinal data. De Bin 58 
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and Scarpa (2014) faced a similar problem by using Bayesian nonparametric tools, 59 

without easily accounting for the multilevel characteristics of the problem. We dispose 60 

of a two-level dataset: observed cervical mucus characteristics in menstrual cycles of 61 

women and we address the measurement of heterogeneity in trajectories following two 62 

ways. We estimate multilevel latent class models, which classify women on the basis of 63 

the evolution of cervical mucus characteristics observed over the fertile period of each 64 

menstrual cycle, taking into account that we observe a different number of cycles per 65 

woman and that there exits also heterogeneity between cycles. The model includes over 66 

time correlation among observations and estimates the effect of potential covariates on 67 

mucus evolution patterns. The estimation of a multilevel latent class growth mixture 68 

model (Gomes and Dias 2015) classifies women, again on the basis of observed mucus 69 

evolution in the fertile phase of their cycles, which is assumed to follow a latent 70 

trajectory with random coefficients; this allows to analyse more in depth the effect of 71 

the age of the women on mucus heterogeneity.  72 

This paper is based on a previous work on heterogeneity on cervical mucus 73 

performed on a much smaller sample of women (Bassi and Scarpa 2015) and it extends 74 

the analyses to all women participating in the study described in detail in Section 2. 75 

Moreover, in this work, the specification of the multilevel models is improved in 76 

various directions, starting from evidences in the data, and the potential effect of 77 

covariates on mucus evolution over time is estimated. 78 

Results confirm what emerged in the previous study: heterogeneity in mucus 79 

evolution between cycles and women is non-negligible. The refined model 80 

specifications reinforces this result. Moreover, an important significant effect of 81 

woman’s age is found. In particular, as age increases, variation of mucus type over the 82 

fertile window diminishes. 83 

2. The study design 84 

The data used in the paper were collected by prof. Bernardo Colombo in a study in 85 

collaboration with four Italian Billings centres and are now set at disposal for 86 

researchers by the Department of Statistical Sciences of the University of Padua. The 87 

four Italian centers that gave their collaboration were: Centro Lombardo Metodo 88 

Billings, Milan; Centro Piemontese Metodo Billings, Saluzzo; Associazione Metodo 89 
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Billings Emilia Romagna, Parma and Centro Studi e Ricerche per la Regolazione della 90 

Fertilità of the Catholic University of Milan. These centres give advice to subjects 91 

interested in learning about the fertile phase of the woman and the use of natural family 92 

planning methods to avoid and achieve pregnancies.  93 

2.1. Some notes on the Billings method 94 

In the Billings method for natural family planning (Billings and Westmore 1998) it is 95 

admitted that the woman describes the mucus symptoms with a personal terminology 96 

that the teacher following her is able to understand. Conventional signs are used to 97 

indicate the woman’s interpretation of her condition, particularly concerning fertile and 98 

infertile days: coloured stamps, standard adjectives, symbols for electronic processing. 99 

In this exercise, ordered numerical codes reflecting usual phenomenology of the 100 

symptom have been adopted. The Billings ovulation method is based on the observation 101 

by the woman of the mucus symptoms, that is, the characteristics of her cervical mucus 102 

coming out of the vagina, and the assessment of the sensation that the mucus entails at 103 

the level of the vulva. The observations, registered on a special chart, allow the 104 

determination of the fertile and infertile phase of each cycle. This method divides the 105 

menstrual cycle into sections. The days of the period are considered potentially fertile 106 

since detection of mucus is impossible. The period may be followed by an infertile pre-107 

ovulatory phase. The appearance of the symptoms marks the beginning of the fertile 108 

phase. In general, the characteristics of the signs are not the same for all women. 109 

Usually, it is possible to identify the so-called basic infertile pattern (BIP) during the 110 

days immediately following menses. The most common pattern is characterized by a 111 

dry sensation and the absence of mucus. Typically, a woman can easily identify this 112 

pattern from her first cycle of observation (dry BIP). The second one, with an 113 

unchanging mucus pattern (u.m. BIP), is distinguished by damp sensation and/or 114 

continuous mucus discharge. In the last instance, the characteristics of sensation, 115 

appearance and consistency of the discharge remain steadily unchanged day after day. 116 

The woman will have learned recognizing such a BIP after a suitable number of cycles 117 

(generally three). When cervical mucus with characteristics different from those typical 118 

during the BIP is observed, the potentially fertile phase of the cycle is considered to 119 

begin. 120 



 

5 

 

A crucial indicator is the symptom of mucus peak. A conventional definition of the 121 

peak day has been agreed upon among the four centres participating in the study. 122 

According to this agreement, the mucus peak day is considered to be “the last day of the 123 

cycle during which at least one characteristics of high fertility in mucus type has been 124 

observed or felt, considering characteristics of high fertility the wet sensation and/or the 125 

observation of slippery, transparent, liquid or watery mucus, or blood trails. Moreover, 126 

this day must be preceded by an adequate growth in sensation and appearance of mucus 127 

characteristics which should also show afterwards a clear change to the less fertile” 128 

(Billings and Westmore 1998). Ovulation is expected within two days following the 129 

peak and is then used as a reference for determining the end of the fertile phase. When 130 

in a cycle no peak is detected, it is judged that ovulation did not occur, and it is not 131 

possible to identify the postovulatory phase. 132 

The four Italian Billings centres that participate in the study sent to the Department 133 

of Statistical Sciences of the University of Padua the charts in which women, referring 134 

to each centre, registered the characteristics of menstrual cycles (a complete description 135 

of the study and the data can be found in Colombo 2007).  136 

The charts include general information on the cycle: date of beginning and length; 137 

duration of menses; occurrence of conception; type of BIP; the identification of the day 138 

of the detected peak, by the woman, by the teacher and, eventual biological peak; 139 

qualification of the cycle, whether there is incomplete information on mucus or missing 140 

data, disturbances, stress that do not allow the identification of the peak mucus day or 141 

no information on mucus or unprotected intercourse and eventual pregnancy. For each 142 

cycle day, the woman was requested to indicate mucus typology, presence of 143 

disturbances and of unprotected intercourse acts. The daily observations by the woman 144 

are classified according to the numerical codes described in Table 1. The Billings 145 

method describes mucus symptoms as ordered: mucus with an assigned higher label 146 

(see Table 1) represents more fecund days in the cycle than mucus with lower labels. In 147 

the same table, also codes to classify the BIP are reported. 148 

Homogeneity in the information sent by the four centres is assured by the fact that all 149 

of them provided instructions on the same method of natural family planning, applying 150 

uniform procedures in teaching, practical applications, linguistic descriptions and 151 

conventions (Colombo et al. 2006). 152 
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Table 1. Classification of cervical mucus sensation and appearance and BIP 153 

CODE MUCUS SENSATION MUCUS APPEARENCE 
0 No information No information 
1 No sensation or dry sensation No mucus, no discharge 
2 No more dry sensation No mucus, or insubstantial discharge 
3 Damp sensation Thick, creamy, whitish, yellowish, sticky, stringy mucus 
4 Wet, liquid (no slippery) sensation  
5 Wet-lubrificated, slippery 

sensation 
Clear, stretchy, liquid, watery mucus, blood trails 

 BIP 
0 Non identified 
1 Dry (or first type) mucus 
2 Unchanging mucus in sensation or appearance 
3 Unchanging mucus in both sensation and appearance 

Although charts are strictly anonymous, some information was collected on women 154 

and partners demographic characteristics and reproductive history. Specifically, 155 

woman’s and partner’s date of birth, date of marriage or beginning of relationship of the 156 

couple; and with reference to the woman, number of pregnancies before entering the 157 

study; date and type (miscarriage, breastfeeding, childbirth) of last event before entering 158 

the study; information on taking hormonal contraception and, eventually, date on which 159 

last pill was taken; date on which the woman leaves the study and for which reason 160 

(pregnancy, miscarriage not later than 60 days since the beginning of last period, drop-161 

out, end of the study); information about going or not with pregnancy after 60 days after 162 

the last period; date of positive pregnancy test; date of childbirth and result of the 163 

pregnancy (number of children and gender). 164 

2.3. The data 165 

The four Billings centres provided 2,914 cycles registered by 193 women; this data is 166 

recoded in two databases: “ciclo-Billings” containing information on cycles 167 

characteristics and “donna-Billings” containing information on women and partners. A 168 

unique code assigned to each woman and the cycles she registered allows to integrate 169 

the two databases. The first charted cycle began in 1976 and the last one in 1998. 170 

Women provided from 1 to 104 cycles, not all of them are consecutive since registration 171 

might have been suspended for events as childbirth, breastfeeding, miscarriage or other: 172 

157 women provided only one group of consecutive cycles, 29 women two groups of 173 

consecutive cycles, 3 women three groups, 3 women four groups, 1 woman five groups. 174 

We selected cycles with identified mucus peak day and with complete information on 175 

mucus registered from the fifth day before the peak to day one after the peak. We ended 176 
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up with 2,284 cycles provided by 188 women. Table 2 reports descriptive statistics of 177 

the main concerned variables in our sample. 178 

Table 2. Descriptive statistics 179 

Variable Mean SD 
Woman’s age  30.37 4.357 
Number of previous pregnancies  1.31 1.255 
Pre-ovulatory phase length 16.44 4.418 
Period length 5.56 1.287 
Cycle with conception 0.06 0.242 
Mucus at day -5 from peak 3.24 1.359 
Mucus at day -4 from peak 3.72 1.234 
Mucus at day -3 from peak 4.15 1.100 
Mucus at day -2 from peak 4.54 0.851 
Mucus at day -1 from peak 4.81 0.594 
Mucus at peak day 4.89 0.375 
Mucus at day +1 from peak 2.48 0.811 

3. Analysis of heterogeneity 180 

The database at our disposal has a multilevel nature: mucus observations (registered 181 

by each woman using the codes described in Table 2) in the days composing the fertile 182 

window are nested in cycles that are nested in women participating to the study. Starting 183 

from the exercise presented in a previous research (Bassi and Scarpa 2015), we extend 184 

the analysis to a lager database and we specify and estimate more complex multilevel 185 

models that better describe the nature of the collected data. Finally, the potential effect 186 

of cycle-level and women-level covariates is explored. 187 

In the previous research, a multilevel level latent class model (Vermunt 2003 and 188 

equation 1) identified clusters of cycles (level-1 units) and classes of women (level-2 189 

units) showing the existence of heterogeneity in mucus trajectories over time at both 190 

levels.  191 

𝑃(𝑌j = 𝑠) = ∑ ൣ𝑃(𝑊௝ = ℎ)∏ ൣ∑ 𝑃(𝑋ij = 𝑙|𝑊௝ = ℎ)∏ 𝑃(𝑌ijk = 𝑠௞|𝑋ij = 𝑙)௄
௞ୀଵ

௅
௟ୀଵ ൧

௡ೕ
௜ୀଵ

൧ு
௛ୀଵ192 

 (1), 193 

where 194 

𝑌ijk, i=1,…,I, j=1,…J, k=1,…K, denote the observation of mucus in day k of the fertile 195 

window in cycle i by woman j; 196 

𝑠௞, 𝑠௞ = 1,...𝑆௞, the particular value of mucus observed in day k; 197 

𝑋ij, a latent variable with L classes; 198 
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l, a particular latent class, l=1,…,L; 199 

𝑌j, the full vector of observations by woman j, containing ordinal variables; 200 

𝑠, a possible response pattern, i.e., it contains the sequence of mucus symptoms 201 

observed in the K days of the fertile window by each woman; its generic element is 𝑠௞. 202 

𝑊௝ denotes the latent variable at the woman level, assuming value h, with h=1,…,H; 203 

𝑛௝  the size of group j., i.e., the number of cycles recorded by woman j. 204 

With reference to our extended dataset, K is equal to 7, since we follow Barrett and 205 

Marshall (1969) in considering mucus observations in the seven days of the fertile 206 

window: five before the peak, the peak day and one day after; J is the number of women 207 

participating to the study: 193, and I is the total number of cycles about which we 208 

dispose of information, 2,914.  209 

As earlier discussed, (see Table 1), labels for mucus symptoms are ordered, so that 210 

we treat them as an ordinal variable. The multilevel LC model in equation (1) is based 211 

on the classical local independence assumption, which implies that observations 𝑌ijk are 212 

independent conditional on LC membership. This hypothesis is not realistic for our 213 

dataset were mucus observed for day k depends on the observations of the preceding 214 

days of the cycle. We introduced over time correlation among mucus observations 215 

inserting direct effects (Bassi et al. 2000) into the basic multilevel latent class model: 216 

𝑃(𝑌j = 𝑠) =

∑ ൣ𝑃(𝑊௝ = ℎ)∏ ൣ∑ 𝑃(𝑋ij = 𝑙|𝑊௝ = ℎ)𝑃(𝑌ijିହ = 𝑠ିହ|𝑋ij = 𝑙)∏ 𝑃(𝑌ijk = 𝑠௞|𝑌ijkିଵ = 𝑠௞ିଵ, 𝑋ij
ାଵ
௞ୀିସ

௅
௟ୀଵ

௡ೕ
௜ୀଵ

ு
௛ୀଵ

217 

           (2) 218 

Equation (2) is obtained allowing that mucus observation for day k of the fertile 219 

window depends on observation on the preceding day. These direct effects are imposed 220 

to be equal for parsimony reasons but this is also a sensible assumption since there is no 221 

need to think that association among couples of mucus observations changes over time. 222 

Following the seminal paper by Barrett and Marshall (1969), we assume that the fertile 223 

window includes seven days around the ovulation, therefore, we leave k varying 224 

between -5 to +1 with reference to the peak day, for which k is equal to 0. The 225 

multilevel LC model with direct effects has a better fit to the data than the model 226 

assuming local independence, showing that over time correlation among observations 227 

has not to be neglected. 228 
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The multilevel LC model with direct effects which revealed the best fit to the data2 229 

estimates 4 latent classes of women (level-2 units) and 4 classes of level-1 units 230 

(clusters of cycles). To evaluate the fit, we looked at the BIC index (Schwartz 1978). 231 

Model indicators are the reported codes for mucus, in the potentially fertile window 232 

from the fifth day before the mucus peak to the first day after the peak, and the BIP; for 233 

the BIP, local independence on the other indicators is assumed. Pre-ovulatory phase 234 

length, period length, information if the cycle is with conception, and the number of 235 

unprotected intercourses in the fertile window were considered as inactive covariates for 236 

clusters; woman’s age is treated as an active covariate.  237 

Estimation results with the best-fitting model are shown in Table 3. Four clusters of 238 

cycles are identified. The lower panel of the table shows the average level of mucus 239 

code on each day of the potentially fertile window in the four clusters. The same results 240 

are used in Figure 1 to describe cluster profiles, to aid interpretation. Mucus scores 241 

evolve over time quite differently in the four clusters of cycles. There are significant 242 

differences in the mucus observed at the various days of the fertile window. In cluster 4 243 

(containing almost 54% of cycles), mucus score evolves quite linearly from the fifth day 244 

before the peak to the peak day; in this cluster, cycles show the highest variability 245 

between the mucus coded at the beginning and at the end of the fertile window; the BIP 246 

is 1, dry mucus. Cycles in cluster 3 (18% of all) show an increase in mucus score until 247 

day two before the peak, then the mucus has almost a stable code until the peak day; the 248 

BIP is dry mucus. In cluster 2 (15% of cycles), codes evolve again quite linearly over 249 

time, for most of the cycles and the BIP is not identified. In cluster 1 (13%), mucus 250 

shows a high code registered from the beginning of the fertile window, cycles have the 251 

lowest variability among codes; for most of the cycles the BIP is of unchanging type.  252 

 

2Model parameters are estimated by means of maximum likelihood. The estimation procedure 

was carried out with different sets of starting values, in order to avoid local maxima. Responses 

to items were treated as measured on an ordinal scale (Goodman 1979). For the best fitting 

model, the value of the log-likelihood is equal to -14,105, BIC = 28,868, the parameters are 

equal to 85. Convergence is reached after 250 iterations of the EM algorithm, followed by 13 

iterations of Newton Raphson. All models were estimated with Latent Gold 5.0 (Vermunt and 

Magidson 2013). 
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The mucus code registered in the day immediately following the peak is much lower 253 

than that observed in the previous days in all groups, this allows to clearly identify the 254 

peak, after it occurred; however, significant differences may be observed across 255 

clusters. In clusters 3 and 4, the peak may be identified looking at the evolution of the 256 

mucus symptom in the days preceding it. In clusters 1 and 2, this is more difficult since 257 

variation over time of mucus codes is almost absent in the days immediately preceding 258 

the peak. 259 

Table 3. Multilevel LC model – estimation results 260 

 Size Cluster 1 Cluster 2 Cluster 3 Cluster 4 
Size  P(Xij=l) 0.1308 0.1479 0.1812 0.5400 
 P(Wj=h) Conditional probabilities 
Class 1 0.1341 0.9752 0.0011 0.0231 0.0006 
Class 2 0.1353 0.0002 0.9837 0.0001 0.0160 
Class 3 0.2209  0.0001 0.0659 0.8057 0.1283 
Class 4  0.5095 0.0001 0.0002 0.0003 0.9994 
  Mean values 
Mucus at day -5 from peak  3.9190 3.7544 3.7886 2.5830 
Mucus at day -4 from peak  4.3108 4.1613 4.3569 3.0662 
Mucus at day -3 from peak  4.5076 4.5297 4.8244 3.5699 
Mucus at day -2 from peak  4.7274 4.7466 4.9979 4.1763 
Mucus at day -1 from peak  4.8617 4.8376 4.9353 4.7185 
Mucus at peak day  4.9143 4.9072 4.8747 4.8877 
Mucus at day + 1 form peak  2.8348 2.7403 2.6472 2.1881 
  Conditional probabilities 
BIP 0 0.0410 0.6904 0.0123 0.0208 
 1 0.0070 0.0004 0.9763 0.9792 
 2 0.0001 0.3091 0.0114 0.0000 
 3 0.9519 0.0001 0.0000 0.0000 
 Mean values 
Pre-ovulatory phase length  18.41 15.67 17.11 10.05 
Period  5.92 5.77 5.39 5.47 
Previous pregnancies  1,03 1,65 1,37 1,15 
Cycle with conception  0.06 0.06 0.04 0.07 
Unprotected intercourses  0.25 0.35 0.21 0.51 
  Effect 
Age  0,1324 0,0006 0,207 -0,1538* 
* statistically significant at 5% 261 

The upper part of Table 3 contains the conditional probabilities 𝑃(𝑋ij = 𝑙|𝑊௝ = ℎ) 262 

and shows that the four classes of women have quite different distributions of cycles 263 

among clusters. In our model, clusters of cycles affect mucus codes observations and 264 

classes of women affect clusters of cycles membership: between-women differences in 265 

mucus evolution over the fertile window are explained by between-women differences 266 

in the likelihood of belonging to the cycle-level clusters. All parameters in the sub-267 
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model that links clusters to classes are significantly different from 0 and all mean values 268 

of mucus across clusters and classes are significantly different. 269 

Class 1 is associated mostly with cluster 1, class 2 with cluster 2, class 3 with cluster 270 

3 and class 4 with cluster 4. Looking at these results, we can definitely say that there 271 

exists heterogeneity in the evolution over time of the patterns of daily mucus 272 

observation among cycles and among women. We tested the assumption of a one-to-one 273 

correspondence between classes and clusters by means of a conditional test. We 274 

estimated a multilevel LC model with 4 clusters and 4 classes, direct effects and the 275 

restriction that all cycles in each cluster belong to only one class. The conditional test 276 

rejected this restriction, showing that cycles registered by a woman assigned to a class, 277 

may belong to different clusters. The fact that there is not an exact one-to-one 278 

correspondence between a class of women and a cluster of cycles is another evidence of 279 

heterogeneity. Especially in class 3, a non-negligible percentage of the cycles belong to 280 

a different cluster; i.e, taking into account information on mucus and on characteristics 281 

of the woman and of the cycle, still variability remains. This result shows that there is a 282 

woman effect on the mucus evolution in the clusters of cycles. 283 

The length of the pre-ovulatory phase is significantly different in the four clusters, as 284 

well as the length of menses, the number of previous pregnancies and the number of 285 

unprotected intercourses. There is also a significantly different percentage of cycles that 286 

gives rise to pregnancy in each cluster, this percentage is highest in cluster 4. This result 287 

may suggest that women with a different mucus pattern over time have different 288 

probabilities of conception during a menstrual cycle and/or that the event of pregnancy 289 

modifies mucus observation, even though the average number of unprotected 290 

intercourses is significantly different in the four clusters. This evidence definitely 291 

deserves further investigation.  292 

Age at the beginning of the cycle is inserted in the model as an active covariate for 293 

clusters. There is a significant effect on cluster 4, showing that the probability of 294 

belonging to this group of cycles decreases significantly with the age of the woman. 295 

This evidence suggests that mucus variability over the fertile window reduces with age; 296 

this result confirms what already stated in previous reference literature (see, for 297 

example, Martyn et al. 2014) 298 

Figure 2 reports mucus evolution over time in the cycles of the women belonging to 299 

the four classes. 300 
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For what concerns the four classes, women have a significantly different average 301 

age, oldest women are in class 4 (30.85 years) and youngest in class 3 (29.73). The 302 

average number of previous pregnancies is highest in class 2 (1.61), lowest in class 1 303 

(1.03). The fact that in class 4 we find women who are, on average, older than in the 304 

other classes and had a low number of previous pregnancies (1,17) is only apparently 305 

contradictory; this class is composed of older women who probably entered the study in 306 

order to use the Billings method to achieve a pregnancy. In this class, in fact, we find 307 

women with the highest proportion of cycles with conception and a high average 308 

number of unprotected intercourses.  309 

The great majority of cycles of women in class 4 belongs to cluster 4. An apparent 310 

contradiction arises between the fact that in class 4 we find the group of oldest women 311 

and that the probability of belonging to cluster 4 diminishes with age (there is a negative 312 

significant effect of age equal to -0,1538, as reported in Table 3). First of all, it is 313 

important to notice that also a non-negligible percentage of cycles of women classified 314 

in class 3 – the youngest group, belongs to cluster 4.  315 

 316 

Figure 1. Average registered mucus code in the days of the fertile window by cluster of cycles. 317 

about here 318 

Figure 2. Average registered mucus code in the days of the fertile window by class of women.  319 

about here 320 

3.1. How woman’s age affects heterogeneity 321 

At this point, it is interesting to verify if cycles registered by the same woman change 322 

cluster over time and if this change might be affected by the age of the woman. This 323 

hypothesis is suggested by the evidence obtained estimating the multilevel LC model 324 

that classes of women differ significantly in the average age and that woman’s age has a 325 

significant effect on mucus variability over the fertile window. 326 

A first order stationary latent class Markov model (equation 3) was specified in order 327 

to estimate transition probabilities over clusters of cycles. Cluster belonging at each 328 

time point was assessed by the posterior probabilities obtained estimating the multilevel 329 

LC model with direct effects and the potential effect of age was estimated using the 330 

three-step approach (Vermunt 2010).  331 



 

13 

 

𝑃(𝑋ij = 𝑙) = ∑ ... ∑ 𝑃(𝑊௜ଵ = ℎଵ)
ு
௛೅ୀଵ

ு
௛భୀଵ

∏ 𝑃(𝑊it = ℎ௧|𝑊itିଵ = ℎ௧ିଵ, 𝑍ij =
்
௧ୀଶ332 

𝑧)∏ 𝑃்
௧ୀଵ (𝑋it = 𝑙௧|𝑊it = ℎ௧) (3), 333 

Where 𝑙 is the vector containing 𝑙ଵ,..., 𝑙். 334 

In this case 𝑊it is the dynamic latent variable representing cluster belonging and 𝑍ij 335 

the age of woman j at the beginning of registration of cycle i. 336 

The three-step approach includes: 337 

(1) A LC model is estimated for a set of observed variables; 338 

(2) Subjects are assigned to latent classes based on their posterior class 339 

membership probabilities; 340 

(3) A standard multinomial regression model is estimated using the 341 

preceding step assignment as the dependent variable (equation 3). 342 

The result in our application is that there is a very high stability across clusters (99%) 343 

over time for cycles. Moreover, woman’s age does not have a significant effect on 344 

transition probabilities. This result may be explained by the characteristics of our data 345 

set (see Table 2): the average age of our sample is around 30, the minimum is 22, the 346 

maximum is 40; only for a small percentage of women we observe long sequences of 347 

cycles so to be able to detect an increase in age that could lead to a change of cluster 348 

towards one containing cycles with lower variability in mucus codes over cycle days.  349 

To better understand the effects of age on mucus evolution pattern over time, a 350 

multilevel conditional latent growth mixture model (Vermunt 2007) was estimated. 351 

Basically, growth models are regression models for two-level data – time points nested 352 

within individuals – in which time enters as a predictor.  353 

Response variables are the six indicators 𝑌ijt of the type of mucus observed and 354 

recoded by each woman i for her cycle j, t goes from day five before the peak to the 355 

peak day, our defined potentially fertile window. The model assumes that the repeated 356 

observations are imperfect measures of an underlying latent trajectory that is linear in 357 

our application. 358 

The Multilevel growth mixture model (MGMM) assumes that the population is 359 

heterogeneous, and different subpopulations are characterized by different trajectories 360 

(Connel and Frey 2006). It can be used to classify individuals based on their growth 361 
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trajectories and to classify groups in which individuals are nested based on within-group 362 

trajectories (Palardy and Vermunt 2010). The addition of a between-group level of 363 

analysis allows to study the association between group characteristics and the growth 364 

process when units are nested in groups and to examine if heterogeneity in the between-365 

group growth trajectories is due in part to the presence of unobserved subpopulations at 366 

the group level; its general specification is given by the following equations. 367 

A repeated measurement model unit i nested in group j: 368 

𝑌ijt = 𝛼ij + 𝑎௧𝛽ij + 𝜀ijt         (4), 369 

where 𝑌ijt indicates the observed variable; 𝛼ij and 𝛽ij are, respectively, the intercept and 370 

the slope; 𝑎௧ is a variable indicating the passage of time, in this case, 𝑎௧ = 𝑡 − 1; 𝜀ijt is 371 

the random error.  372 

The MGMM is composed by a within-group and a between-group model. The 373 

parameters of interest for the within-group component are the intercepts and slopes: 374 

𝛼ij = ∑ 𝜇ఈlj𝑐lij
௅
௟ୀଵ + ∑ 𝜇ఈqj𝑥qij

ொ
௤ୀଵ + 𝜁ఈij,  375 

𝛽ij = ∑ 𝜇ఉlj𝑐lij
௅
௟ୀଵ + ∑ 𝜇ఉqj𝑥qij

ொ
௤ୀଵ + 𝜁ఉij, 376 

where 𝜇ఈlj and 𝜇ఉlj are, respectively, the mean individual intercept and the slope for 377 

latent class l; 𝑐lij is an indicator variable, taking value 1 if individual i is a member of 378 

latent class l; 𝑥qij is the value assumed by unit i, belonging to group j, on a covariate q, 379 

on which the intercepts and the slopes are regressed to explain variation across 380 

individuals; 𝜇ఈqj and 𝜇ఉqj are coefficients, respectively, for the intercepts and the slopes, 381 

𝜁ఈij and 𝜁ఉij are the random errors. The model assumes 𝜁ఈij  ~ 𝑁(0,𝛹ఈ), 𝜁ఉij ~ 𝑁൫0,𝛹ఉ൯ 382 

and 𝜀it ~ 𝑁(0, 𝛩௧). 𝜁ఈ೔, 𝜁ఉ೔ and 𝜀ijt are mutually independent for every i, j and t. 383 

The between-group model for the intercepts and slopes is given by: 384 

𝜇ఈ௝ = ∑ 𝛾ఈ௛𝑑hj
ு
௛ୀଵ +∑ 𝛾ఈ௣𝑥pj

௉
௣ୀଵ + 𝜁ఈೕ , 385 

𝜇ఉ௝ = ∑ 𝛾ఉ௛𝑑hj
ு
௛ୀଵ + ∑ 𝛾ఉ௣𝑥pj

௉
௣ୀଵ + 𝜁ఉೕ, 386 

where 𝛾ఈ௛ and 𝛾ఉ௛ are, respectively, the mean intercepts and slopes for between-group 387 

latent class; 𝑑hj is an indicator variable, taking value 1 if group j is a member of latent 388 
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class h; 𝑥pj is the value assumed by group j, on a covariate p, on which the intercepts 389 

and the slopes are regressed to explain variation across groups; 𝛾ఈ௣ and 𝛾ఉ௣ are 390 

coefficients, respectively, for the intercepts and the slopes, 𝜁ఈೕ  and 𝜁ఉೕ  are the random 391 

errors, with assumptions as for the within-group model. 392 

For our application, the specified model is a conditional – with covariates - 393 

multilevel growth mixture (MGM) model with between group mixtures and with 394 

between group random effects constrained to 0. The variances of the intercept and the 395 

slope are set equal across all classes in order to specify a more parsimonious model, not 396 

to increase the computational burden and to avoid non-convergence (Palardy and 397 

Vermunt 2010). We aim at understanding how the characteristics of the woman, 398 

especially age, and of the cycle affect cervical mucus heterogeneity. The model was 399 

estimated starting with one latent class and then the number of latent classes was 400 

increased till the Bayesian Criterion Index (BIC) began to raise. The best fitting model 401 

is that with four latent classes of women3. Table 4 presents estimation results: class 402 

sizes, estimated intercept and slope in each class. The quadratic function for the latent 403 

trajectory has a worse fit on the data than the linear one. 404 

Table 4. MGM model estimation, between-group component: sizes, intercepts and slopes 405 

 Class 1 Class 2 Class 3 Class 4 
Size 0.3544 0.3352 0.1927 0.1177 
Intercept 1.8665* 0.9236* 2.7590* -0.3533* 
Slope 0.6721* 0.8518* 0.4791* 1.0631* 
* significant at 0.05 406 

Assuming a linear trajectory over time, the intercept and the slope are significantly 407 

different across the classes of women, indicating again heterogeneity between women in 408 

the evolution of mucus pattern over time. Intercepts range from -0.3533 to 2.8493, 409 

slopes from 0.4674 to 1.0805 (Figure 3), clearly the four groups of women observe 410 

significantly different patterns of mucus evolution over time. Woman’s age affects 411 

significantly both the intercept and the slope. This effect is constant across classes and 412 

positive on the intercept (0.0394) but negative for the slope (-0.0089), within each class, 413 
 

3 Model parameters are estimated by means of maximum likelihood. For the best fitting model, 

the value of the log-likelihood is equal to -14,605, BIC = 29,269, the parameters are equal to 29. 

Convergence is reached after 30 iterations of Newton Raphson. All models were estimated with 

Latent Gold 5.0 (Vermunt and Magidson 2013). 
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older women observed less variation in their mucus in the fertile window. This result is 414 

consistent with that found with the estimation of the multilevel latent class model, i.e., 415 

that in all groups of women, as age increases, mucus variability significantly 416 

diminishes. 417 

The fact that the cycle ends with a pregnancy, the length of the menses and of the 418 

pre-ovulatory phase are significant covariates of the intercept and the slope of the latent 419 

trajectory of the within-group component of the model (Table 5). The number of 420 

unprotected intercourses in the fertile window is significantly different across classes. 421 

We did not use it as a predictor of the trajectories at cycle level since it is highly 422 

correlated with the probability that the cycle ends with a pregnancy.  423 

Table 5. MGM model estimation, within-group component: covariates effects on intercept and slope 424 

 Intercept Slope 
Pregnancy -0.3314* 0.0657* 
Menses length -0.0877* 0.0179* 
Pre-ovulatory phase length 0.0684* -0.0150* 
* significant at 0.05 425 

 426 

Figure 3. Estimated trajectory of mucus evolution over the fertile window in the four classes of women 427 

about here 428 

 429 

Figure 4 shows clearly the effect of age on the estimated mucus trajectory for women 430 

of 20, 30 and 40 years, belonging to class 1. 431 

 432 

Figure 4. Estimated trajectory of mucus evolution over the fertile window foe women in class 1 but with 433 

different ages 434 

about here 435 

5. Concluding remarks 436 

In this paper, we study the problem of heterogeneity in cervical mucus hydration at 437 

different times relatively to the mucus peak. We dispose of a two-level dataset: 438 

observed cervical mucus characteristics in menstrual cycles of women and we address 439 

the measurement of trajectories heterogeneity following two ways. We explicitly 440 

consider the multilevel nature of the data in our models’ specification. We estimate a 441 
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multilevel latent class model which classifies women on the basis of the evolution of 442 

cervical mucus characteristics observed over the fertile period of each menstrual cycle 443 

taking into account that we observe a different number of cycles per woman and that 444 

there exits also heterogeneity between cycles. In the model, correlation over time among 445 

the observations is considered and the potential effect of active and inactive covariates 446 

is estimated. 447 

Our research might be improved in various directions by means of further future 448 

analysis. We estimated a model where the effects of correlation among mucus 449 

observations have been imposed to be equal over time. However, this might be a too 450 

strong assumption and we should first consider to test it, possibly to relax it. This 451 

operation could result in a larger number of parameters to be estimated with problems of 452 

model identification and non-convergence. Thus, this extension should be evaluated 453 

carefully. 454 

Our results show that heterogeneity in mucus evolution between cycles and women 455 

is non-negligible. Another evidence is that, after taking into account between-cycles 456 

variability, still some between-women heterogeneity remains, since a conditional test 457 

rejected the hypothesis of a one-to-one correspondence between clusters of cycles and 458 

classes of women. We also analysed the effect of some covariates on the mucus 459 

symptoms evolution. Unfortunately, by increasing the number of covariates in our 460 

model, the number of parameters increases exponentially, making it difficult to obtain 461 

reliable estimates. To overcome this limit, either we should obtain a much larger dataset 462 

or we should rethink the model with a more parsimonious specification. 463 

The significant effect of the age of the woman on clusters and the fact that classes of 464 

women significantly differ in average age suggest that, for a same woman, the mucus 465 

evolution pattern over the fertile window, changes with increasing age. This evidence is 466 

confirmed by the results of the estimation of a multilevel conditional latent growth 467 

mixture model with a linear trajectory. 468 

Another interesting result is that there is a significantly different percentage of 469 

pregnancies achieved during the study in groups of cycles and women. The number of 470 

pregnancies and of unprotected intercourses has also a statistically significant effect 471 

both on the intercept and the slope of the latent trajectory of the within component of 472 

the MGM model. This result has to be studied by means of appropriate models as, for 473 

example, that proposed by (Schwartz et al. 1980). 474 
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