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SUMMARY

In modelling human fertility one ideally accounts for timing of intercourse relative to ovulation. Mea-
surement error in identifying the day of ovulation can bias estimates of fecundability parameters and
attenuate estimates of covariate effects. In the absence of a single perfect marker of ovulation, several
error prone markers are sometimes obtained. In this paper we propose a semi-parametric mixture model
that uses multiple independent markers of ovulation to account for measurement error. The model as-
signs each method of assessing ovulation a distinct non-parametric error distribution, and corrects bias
in estimates of day-specific fecundability. We use a Monte Carlo EM algorithm for joint estimation of
(1) the error distribution for the markers, (ii) the error-corrected fertility parameters, and (iii) the couple-
specific random effects. We apply the methods to data from a North Carolina fertility study to assess the
magnitude of error in measures of ovulation based on urinary luteinizing hormone and metabolites of
ovarian hormones, and estimate the corrected day-specific probabilities of clinical pregnancy. Published
in 2001 by John Wiley & Sons, Ltd.

1. INTRODUCTION

Studies that collect information on intercourse and ovulation can be used to address funda-
mental questions about human fertility. These questions include: (i) What is the length of the
fertile interval and on which days around ovulation can a woman potentially become pregnant?
(ii) What pattern do the day-specific conception probabilities follow within this interval? (iii)
What factors affect fecundability? (iv) How much variability is there from couple to couple
in fecundability? (v) How error prone are commonly used markers of ovulation? In order to
address these questions properly, new statistical methods are needed.

In fertile women of reproductive age, a single ovum is typically released during each
menstrual cycle in a process called ovulation. Ovulation is associated with alterations in basal
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body temperature, cervical mucus and the production of ovarian hormones. The probability that
an act of intercourse results in a pregnancy is dependent on a number of factors including the
timing of intercourse relative to ovulation, the viability of the sperm and ovum, and survival
of the embryo to detection of the pregnancy [1]. The day-specific probability of pregnancy
is theoretically zero outside of a fertile interval around ovulation. The determinants of this
fertile interval are unknown, but may include sperm and egg survival [2, 3], cervical mucus
penetrability, ovarian hormones and contraceptive glycoproteins [4]. The ovum remains viable
for only a short time after ovulation, while sperm can survive for several days in the normal
female reproductive tract [5]

The day of ovulation can be estimated from serial physiological measurements including
body temperature (last day of hypothermia), cervical mucus (maximum viscosity), luteinizing
hormone (LH) (surge above baseline), and the ratio of oestrogen to progesterone (abrupt
decline) [6]. Schwartz et al. [1] proposed a model to account for both timing of intercourse
relative to ovulation and cycle viability, which includes viability of the ovum and survival
of the embryo to detection. Their model was later extended to allow for covariate effects
[7, 8], heterogeneity among couples [9], missing intercourse data [10], a sterile subpopulation
of couples [11] and measurement error in a single marker of ovulation [12].

If there is error in identifying the day of ovulation, then for some proportion of cycles
the estimated day will be shifted by one or more days from the true day. This creates bias
in the fecundability parameters [12], artefactually extends the fertile interval [13] and atten-
uates estimates of covariate effects. In previous work we developed a model and a Bayesian
Markov chain Monte Carlo estimation procedure for accounting for measurement error when
a single marker of ovulation is available [12]. In the absence of validation data containing
both the error-prone marker and a direct measure of ovulation, such as ultrasound documen-
tation of follicular rupture, the identifiability of the measurement error distribution relies on
the assumed model for the fertilization probability. Similar identifiability problems exist in
modelling of dietary data [14]. Conditional on a given model relating the intercourse pattern
to the fertilization probability, the measurement error distribution is identifiable based on men-
strual cycle data provided there are a variety of intercourse patterns and conception outcomes.
As in other measurement error applications where validation data are not available [15, 16],
repeated measurements can provide additional information about the true underlying variable,
in this case the timing of ovulation.

Several recent studies have obtained multiple estimates of ovulation. The European Study
of Daily Fecundability independently estimated the last day of hypothermia and the cervical
mucus peak [17]. The estimated day-specific probabilities of clinical pregnancy relative to the
last day of hypothermia were substantially different from the estimates relative to the mucus
peak, suggesting that at least one of the markers must be error prone; a fact verified by the low
concordance between the ovulation days estimated by the two markers. The North Carolina
Early Pregnancy Study [18] originally estimated ovulation using the rapid decline in the ratio
of oestrogen to progesterone metabolites in the urine (day of luteal transition, DLT) [6]. Re-
cently, a second measure of ovulation, LH surge (LHS), was independently estimated using an
ultrasensitive immunofluorometric assay of LH [19] applied to the original urine samples. New
statistical methods are needed to reconcile differences between estimates based on different
markers of ovulation and to take full advantage of the information in the multiple markers.

Dunson and Zhou [11] developed a latent normal mixture model that accounts for the
pattern of intercourse relative to ovulation, heterogeneity among couples, and general covariate
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effects on fecundability and sterility. In this paper we generalize the Dunson and Zhou model
to account for multiple markers of ovulation, and we assign each marker a distinct non-
parametric measurement error distribution. As in conventional epidemiology studies which
incorporate repeated measures of exposure, we make the simplifying assumption that the
measurement errors in the multiple markers of ovulation are independent.

There are important advantages to this approach over methods based on a single estimate
of ovulation [12]. First, under an assumed model relating the intercourse pattern to the fer-
tilization probability in each menstrual cycle, the relative values of independent estimates
of ovulation are informative about both the true day of ovulation and the measurement er-
ror distribution for each marker. By incorporating information from multiple markers, we can
greatly improve the accuracy of estimates of the error distributions and the fertility parameters.
Second, when there are multiple markers, one marker will often provide an estimated day of
ovulation in a cycle for which the other marker is missing (for example, due to incomplete data
collection). The proposed method requires only that cycles have at least one estimate of ovu-
lation. Thus cycles can be included in the analysis that otherwise would have been discarded.

Section 2 introduces the model and proposes a Monte Carlo implementation of the EM
algorithm for maximum likelihood estimation [20, 21]. Section 3 applies the method to data
from the North Carolina Early Pregnancy Study (EPS) to assess the magnitude of error in the
DLT and LHS measures of ovulation, and to estimate the day-specific conception probabilities
allowing for measurement error in DLT and LHS. Section 4 discusses the results.

2. A MIXTURE MODEL FOR FECUNDABILITY
2.1. Notation

Suppose there are N couples in the study and that couple i is followed for m; cycles
(i=1,...,N). If conception occurs in cycle j for couple i then Y;;=1, otherwise Y;;=0
(j=1,...,n;). The outcome for each cycle depends on a susceptibility factor (cycle viability)
and a timing factor representing the effects of intercourse on various days of the cycle relative
to ovulation. We assume that there are K days on which intercourse can potentially result
in a conception. Let X;; =1 if there was intercourse on day k, k=1,2,...,K, of cycle j for
couple i, and 0 otherwise. The intercourse indicators X;; = (Xjji,...,X;x) are indexed relative
to the estimated day of ovulation.

When ovulation is estimated incorrectly, X is misindexed by / days, where [ is the
number of days between the estimated day and the true day. Often multiple measures of
ovulation are available for some or all of the cycles. Let W;;, denote the cycle day (where
the onset of menstruation occurs on day 1) estimated using the mth marker of ovulation,
where m=1,2,...,M. In the next section we propose a mixture model that uses information
available in Yj;, X;;, and W;; = (Wjj1,..., Wiy ) to account for measurement error in modelling
day-specific fecundability.

2.2. Intercourse-based models

Schwartz et al. [1] proposed a biologically plausible model to relate the intercourse pattern
X; to the probability of conception,

K
Pr (Yij: 1 |Xij7wap):w{1 —kljl(l - Pk)X”k} =w g(Xz’j,P) (D
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where o is the probability that the cycle is viable (that is, capable of supporting a pregnancy),
p=(p1,..., k), pr is the conditional probability that conception would have resulted from
intercourse on day k if the cycle were viable, and wp; is the probability that conception
would result from intercourse on only day k. Model (1) assumes that sperm deposited into
the reproductive tract on different days commingle and then compete independently for the
chance to fertilize the ovum. The w parameter is the probability that all factors unrelated
to the timing of intercourse are favourable for conception to occur and survive to the point
of clinical recognition, and g(X;;,p) is the probability that factors related to the timing of
intercourse are favourable. In fact, w may vary from couple to couple and will be 0 for
couples who are sterile.

Dunson and Zhou [11] generalized model (1) to allow for heterogeneity among couples
and general covariate effects on fecundability and sterility

Pr (Y;=1[R;,U;,X;;,@,B,p,b:) = {1 — 2(R;d)} ®(b; + U;B) g(Xy;,p) (2)

where R; is a 1 x r vector of covariates for couple i, ¢ is a r x | parameter vector linking
R; to the probability that couple i is sterile, b; ~N (0,77!) is a couple-specific random effect,
U;; is a 1 x g vector of covariates for cycle j from couple i, f is a ¢ x 1 parameter vector
linking Uj; to the probability that the cycle is viable, and ®(r)=(2n)~"2 [*__exp(—s?/2)ds.
Model (2) is built on the assumption that conception in a particular cycle requires the success
of three independent events, namely, that the couple is not sterile, the cycle is viable, and the
timing of intercourse is favourable for conception.

We extend model (2) to allow for measurement error in ovulation in the case where multi-
ple imperfect markers of ovulation are available. By convention, the intercourse pattern X;; is
indexed relative to the measured day of ovulation based on marker one. In practice we have
M markers (m=1,...,M) that estimate ovulation to be on days W,..., W for cycle j from

couple i. Let ngm) =Pr (T} — W,y =), where Tj; is the unknown true day of ovulation. To en-

sure identifiability we assume that for the first marker of ovulation nél) = n(ll) for all /£0. This
is equivalent to assuming that marker one has its mode at the true day of ovulation, an assump-
tion which is consistent with validation data for commonly used markers such as the last day
of hypothermia and the luteinizing hormone surge [22—25]. We do not constrain the measure-
ment error parameters for the other markers (m>1), as it is not necessary for identifiability.

If the true error shift / =T;; — W;;; were known then the intercourse pattern could easily be
corrected by letting the new X;; be the old Xj; ;. We can extend (2) to account for error
in estimating ovulation by mixing across the measurement error distribution

Pr(Y;=1|W;,R;,U;, X5, m, ¢, B,p, b;)
L
= {1 - ®(R;¢)} O(b; + Ufjﬁ)l_ZL (LI Wy, m) g(Xijr), p) (3)
where X = (Xi 145, Xij241,...,Xijk+1) and the probability of an error shift of / in marker
m=1is

WM _(m)
T [ Les T Wiy — Wi

p(I|Wy,m)= — M __(m)
ZSI:—LI Ts Hmzz nS+VV/‘/1 _VV//m
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where ngl) =0 for /<—Ly and I >L,, and T;;— W, is assumed to be independent of T;; — W,/
for all m' #m.

Under the assumed form for g(-), the measurement error parameters @ and the day-specific
fertilization probabilities p are separately identifiable as long as the observed data consist
of menstrual cycles with a variety of intercourse patterns, including cycles with multiple
intercourse acts in the fertile window. However, if each couple in the study restricted their
intercourse to one act in the fertile window per cycle, the measurement error parameters would
not be identifiable based on a single marker of ovulation. In this case, multiple markers would
allow estimation of a common set of measurement error parameters for all the markers under
the assumption of independent measurement errors, but distinct measurement error parameters
for each marker would not be estimable. Fortunately, multiple intercourse acts per cycle are
common in most studies.

Though the data are informative about the correlation between the measurement errors for
the different markers under an assumed form for g(-), we make the simplifying assumption
that the measurement errors are uncorrelated. This assumption is reasonable for commonly
used markers such as the last day of hypothermia, the cervical mucus peak, LHS and DLT.
For basal body temperature, errors are known to occur due to insomnia, rising during the
night, or mild febrile illness, such as a cold. The mucus-based methods can be disrupted by
medications, recent intercourse or improper assessment of mucus quality. The hormone-based
measures are subject to laboratory error. These distinct error mechanisms should generally act
separately (independently) on the corresponding marker for ovulation. If correlation does exist,
it is likely to be positive. In this case, our method will tend to underestimate the magnitude
of measurement error in the markers, and our estimates for the fertility parameters may not
be fully corrected for measurement error.

2.3. EM algorithm

The EM algorithm can be used to fit model (3). Implementation of the EM is complicated
by the need to integrate across the random-effects density. However, Monte Carlo [21] or
numerical approximations [26] can be used. To simplify the presentation we assume that
there is no sterile subpopulation (that is, ¢ = — oo) and that no observed covariates affect
cycle viability (U;;=1). It is straightforward to extend the algorithm to the general case.

2.3.1. Latent data. Weinberg et al. [7] used the EM algorithm to fit model (1) by defining
two unobservable indicator variables Z; and S;;, where Z;; indicates that the cycle is viable and
S;; indicates the hypothetical success of the sperm, that is, that conception would have occurred
if the cycle had been viable. Dunson and Weinberg [12] defined an additional unobservable
indicator E;j; that indicates a shift of / days in the true day of ovulation relative to the
estimated day in a setting where only one marker of ovulation was available.

We let E;j;,, correspond to the indicator of an error of / days for the mth marker of ovulation,
where m=1,..., M. If the error shifts were known for any one of the markers then E;;;,, could
easily be calculated for each of the other markers using W;;. Following Dunson and Zhou
[11], we define a latent normal random variable V}; that has mean b; 4 f and variance 1, and
let Z;=1if V;;>0 and Z; =0 if V}; <0. It follows that the cycle viability probability for the
Jjth cycle from couple i is ®(b; + ). We propose an EM algorithm to estimate the parameters
in model (3) using the latent data {S;;, Eijim, Vi, bi}.
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2.3.2. Maximization step. If the latent data were directly observable we would simply maxi-
mize the complete data log-likelihood to estimate the unknown parameters. In the case where
marker one is observed for all cycles the complete data log-likelihood is proportional to

N
2
i=1

n; M Ly
log T —th? + E {—(Vij —bi =B+ S Ejimlog ngm)

Jj=1 m=1l=—L,

4)

L
+172L SiiEijn log g(Xijy,p) + (1 — Sij)Eijn log(1 — g(Xij(l)’p))}

which is the sum of four components that each have a distinct parameter vector: /;(t;b);
L(B;V,b); I3(m; E), and /4(p; S, E,X). This separation is possible due to conditional indepen-
dence assumptions implicit in model (3). The complete data likelihood can easily be extended
to allow marker one to be missing for some of the cycles.

We can maximize (4) by separately maximizing the four components. There are closed
form expressions for the conditional maximum likelihood estimates of 7, f§, and &

A N , R N N « (m) N n N
=N b =R 0-b) [T = (LS Em) [ 2n

i=1j=1 i=1j=1

for m=1,...,M. There is no closed form solution for the conditional MLE of p. However,
l4 can be expressed as a Bernoulli log-linear model since log{1 — g(Xj).p)} = ZleXij,kH
log(1 — py). It is biologically reasonable to assume that the day-specific probabilities of
conception increase to a peak and then decrease. Therefore, one may want to estimate p under
the inequality constraint: p; < pp < --- < px = --- = pg, where the peak is unknown. The
pooled-adjacent-violators algorithm [27] can be used to estimate p under this constraint, and
the peak day can be chosen to maximize the observed data likelihood.

2.3.3. Expectation step. To carry out the E-step we calculate expectations of sufficient statis-
tics of the parameters @ =(, f§,7,p) with respect to the posterior distribution of the latent
data. From Section 2.3.2 we know that sufficient statistics for f, @, and p are linear in V};,
Eyjin and S;;E;n, respectively, and S 47 is sufficient for 7. If we could generate samples

{bl@, VJ”}, t=1,...,T, from the joint posterior distribution of b; and V};, we could approximate

conditional expectations of the sufficient statistics from

1
t=1i=1

=l

N A N .
E (yﬁn,@) :/bedf(bl,...,bN|D,@)~
i=1 i=1
A ~ 1 T
E(V)|D.6)= [ ¥,af (V)| D.6) ~ 131
1=
E(EwmID,@):/Pr (Eijim=1|b;,D,0)df (b;| D,O)
1z 0
~ *ZPr(E[jlm =1 |b, ,D,@)
TS
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E(S;E;n |D,é):/1>r (Sy=1,E;n=1]b,D,0)df (b;|D,O)

1z R
~ ?ZPr (Sy=1|Ejn=1,b".D,0) Pr (E;n=1|b",D,0)
1

where D= {Y;;, W,;;,X;;} represents the observed data. Unfortunately, it is difficult to sample
efficiently from the joint posterior distribution of V;; and b;.

We instead alternately sample from the full conditional distributions of Vj; and b;, which
follow simple forms. According to Gibbs sampling theory these samples will converge to
the joint posterior density under mild regularity conditions [28—30]. The posterior distribution

of b; conditional on the observed data D, the current parameter estimates @, and the latent
Vit,..., Viy, for couple i is

n;

N <(T + ) (V= B+ ni)_l>
j=1

For conception cycles the full posterior distribution of Vj; is

I[V,»,»>0] CXp{(Vlj - bi - .8)2/2}

V(@2m)2(bi + )

which is N(b;+f, 1) truncated below by 0. For non-conception cycles the posterior distribution
of I/l/ is

Iy <o) +I/)}(Sij:0)l[l/,»,»>0] y 1
1= ®(b; + pIPr(S; =1) V(2n)

where Pr(S,,—l)— 1,_Ll p(I| W, ) g(Xij),p) is the probability that conception would
have occurred had the cycle been viable. To sample from (5) let s~Bemou111{Pr(S,j =1} If

s=0, Vj; ~N(b + B, 1), otherwise Vi ~N(b; + f,1) truncated above by 0.
We require the probability that marker m is shifted by / days from the true day of ovulation
conditional on the observed data, the random-effect b;, and @. For conception cycles

exp{(V; — b — B)*/2} (5)

A 9Xij (10— W5 P)
Pr Ei'm:l bist@ - I+VVlm i Wa - -
(Eijt ‘ )=p( ij Wi | Wy Pr(S,«j —1)

For non-conception cycles

1= ®(b; + B) g(Xijrm— 15 D)
1 — ®(b; + f)Pr(S; =1)

Pr(Ejjim =15, D,0)= p(I + Wy, — Wy1 | Wy, &)

We also require Pr(S;; =1,E;;1 =1 |bi,Dij,@), which equals the conditional probability of
an error shift of / in the first marker when Y;; =1 and equals

{1 = (4, g (Xijcr+w3,— w00, P)

Z+VVi'm_m‘ W’ﬁ =
P W = M ) g sy = 1)
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when Y;;=0. This is the joint probability that ¥;;=0, S;;=1 and E;;; =1 divided by the
probability that Y;; =0.

Beginning with initial estimates of the parameters, the algorithm alternates between approx-
imating the conditional expectations of each component of the log-likelihood (Monte Carlo
E-step) and estimating the conditional MLEs of each of the parameters (M-step). It is straight-
forward to extend this algorithm to allow for general covariate effects, multiple random effects,
and a sterile subpopulation of couples.

3. EARLY PREGNANCY STUDY

3.1. Data

We applied the methods to data from the North Carolina Early Pregnancy Study of 221
healthy women who enrolled at the time they discontinued contraception in order to conceive
[18]. Women collected daily urine samples and kept daily records of intercourse during a
six-month follow-up period. Ovulation was later estimated for each menstrual cycle by (i)
measures of oestrogen and progesterone metabolites in the urine, the ratio of which decreases
abruptly with luteinization of the ovarian follicle [6], and (ii) an immunofluorometric assay of
urinary lutenizing hormone (LH), which rises abruptly around the time of ovulation [19]. We
refer to measure one as the day of luteal transition (DLT) and measure two as the LH surge
(LHS). There is evidence to suggest that DLT and the day of LHS do not vary systematically
from each other or from the time of rupture of the ovarian follicle [22, 31]. DLT was taken
to be marker one, that is, we assume that the true day of ovulation is the day most likely to
be identified using DLT.

Implantation (defined here as a measurable rise in urinary excretion of human chorionic go-
nadotropin) occurred in 199 out of 740 menstrual cycles. There were 151 clinical pregnancies
and 48 early losses (lost within 6 weeks of last menstrual period). We were able to estimate
ovulation using either DLT or LHS for 708 cycles and 219 women. DLT was available for
696 cycles, LHS for 676 cycles, and both for 654 cycles. The distribution of DLT minus
LHS is plotted in Figure 1. In 80 per cent of the cycles the two measures differ by one day
or less. We use the methods described in Section 2 to evaluate the performance of DLT and
investigate the relationship between timing of intercourse and the probability of pregnancy.

3.2. Analysis

We model the probability of a clinically-recognized conception, treating early losses as non-
events. We fit the data using: (a) model 1 (the Schwartz et al. model); (b) model 3 (the
model accounting for error in measurement of ovulation) with a fixed probability of cycle
viability for all couples; (¢c) model 3 with a normal density for the latent cycle viability
variable. We assume that the day-specific probabilities increase to a peak and then decrease.
It is straightforward to fit (a) and (b) using a standard EM algorithm, and we use the Monte
Carlo algorithm outlined in Section 2.3 to fit (¢).

Based on Figure 1, it appears very unlikely that the error in DLT or LHS exceeds three
days. Therefore, we chose a [—3,3] support for both measurement error distributions. Without
correcting for measurement error, Wilcox et al. [33] observed that the day-specific probabilities
of clinical pregnancy were positive in a five day interval ending on the day of ovulation. Based
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Figure 1. Distribution of day of luteal transition (DLT)-day of LH surge (LHS).

on their results, we assume that the day-specific probabilities are zero outside of a seven-day
window (—5, +1 around ovulation).

We assessed convergence of the Monte Carlo EM algorithm by monitoring the observed
data log-likelihood, which we calculated at each iteration, and by examining diagnostic plots
of the sampled parameters. We also repeated each analysis under a variety of widely different
starting values. In each case, convergence was apparently achieved by 10000 iterations. To
further verify convergence, we collected an additional 100000 iterates for one set of starting
values. The resulting estimates were essentially identical to the pooled estimates from the
other chains. The estimates are not sensitive to the initial values and plots of the parameter
values at each iteration behave as expected (that is, the parameters change rapidly at first then
more slowly as the maximum is approached).

The estimated day-specific conception probabilities under each model are shown in
Figure 2. Comparing (a) and (b), we can see that the estimates that account for measurement
error are lower on the edge of the fertile interval (that is, days —4,—3,—1,0) and are higher
in the centre of the fertile interval (that is, day —2). As expected, the random-effects esti-
mates that account for both measurement error and heterogeneity among couples are uniformly
higher than the fixed-effects estimates. Numerical values and standard errors for the estimated
cycle viability probability and the conditional day-specific conception probabilities within the
[—4,0] fertile interval are presented in Table I. As expected, the standard errors are slightly
higher for the models that account for measurement error. In each case, the estimated standard
errors are low for the cycle viability probability and are high for the conditional day-specific
conception probabilities. Thus, if covariates such as age or smoking exposure were incorpo-
rated into the model for the cycle viability probability we would expect reasonable power to
detect effects. However, we would expect low power to detect small to moderate differences
between groups in the pattern of day-specific probabilities. Such differences could be better
assessed in a larger study, such as the European Study of Daily Fecundability [17].

The estimated cycle viability density under the random-effects model is shown in
Figure 3. The mean cycle viability is 0.30 and there is considerable heterogeneity among
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Figure 2. Estimated day-specific probabilities of clinical pregnancy under: the order-restricted Schwartz
et al. model; the fixed-effects model allowing for measurement error in both markers; the random-effects
model allowing for measurement error in both markers.

Table 1. Estimated fertility parameters for the North Carolina Early Pregnancy Study under the
order-restricted Schwartz et al. model, the fixed-effects model that allows for measurement error
in both markers, and the random-effects model that allows for measurement error in both markers.

Parameter Schwartz Fixed-effects Random-effects
MLE SE MLE SE MLE SE
w 0.258 0.033 0.275 0.040 0.271 0.037
P-4 0.443 0.192 0.382 0.208 0.433 0.221
p—3 0.443 0.236 0.382 0.285 0.433 0.309
p—2 0.905 0.510 0.979 0.612 0.988 0.432
P—1 0.905 0.442 0.817 0.309 0.892 0.392
Do 0.428 0.230 0.135 0.353 0.177 0.393

The estimate for » under model (c) is for a typical couple (that is, b; = 0).

couples. The estimated measurement error distributions under the random-effects model are
plotted in Figure 4. These estimates are very similar to the estimates under the fixed-effects
model, suggesting that the estimated measurement error distributions may be robust to speci-
fication of the cycle viability model. Based on Figure 4, it appears that both measures have a
high probability of correctly identifying the true day of ovulation, and both error distributions
are skewed; an error in DLT or LHS appears more likely to result from identifying a day
that occurs before the true day of ovulation.

Model (3) is based on the assumption of independent measurement errors. If the error in
DLT, T;; — W1, and the error in LHS, T;; — W, are positively correlated, model (3) will
underestimate the measurement error probabilities nﬁl) and nﬁz) for /#0. However, we expect
that the correlation between these measurement errors is small. The day of luteal transition
(DLT) is estimated based on changes in oestrogen and progesterone, whereas the day of the
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Figure 3. Estimated cycle viability density function under the random-effects model.
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Figure 4. Measurement error distribution for DLT and day of LH surge (LHS).

LH surge (LHS) is based on the rapid increase in luteinizing hormone production which
accompanies ovulation. In hormonally aberant cycles the error in these measures may be
correlated, for example, if a weak LHS is associated with a late rise in progesterone, both
markers may identify ovulation day late. However, the major contributor to error is expected
to be assay error which should be uncorrelated for the two separate assays conducted at
different laboratories.
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4. DISCUSSION

We have proposed a method of accounting for measurement error in identifying ovulation
within a general mixture model that allows multiple covariates to affect human fertility. The
model assigns a non-parametric error distribution to each marker of ovulation. Under inde-
pendence of the measurement errors and an assumed model for the fertilization probability,
the set of measurement error distributions can be estimated jointly with the error-corrected
fertility parameters using a Monte Carlo EM algorithm.

Our results agree with earlier observations that clinical pregnancy in the North Carolina
Early Pregnancy Study cohort occurred only with intercourse in a five-day interval ending
on the day of ovulation [30]. Although the measurement error correction did not change the
estimate of the fertile interval, the estimated day-specific probabilities within the interval were
modified. In particular, we estimate that the probability a pregnancy results from intercourse
on only the day of ovulation is slightly less than 5 per cent, which is lower than previously
estimated.

An important advantage of the proposed method is that it provides estimates of the mea-
surement error distribution for each marker of ovulation without requiring validation data.
Direct biological validation of a marker requires data on the time of follicular rupture, which
is difficult and expensive to obtain. In fact, direct validation may not be possible using the
conventional method of regular ultrasound monitoring for evidence of follicular rupture, since
ultrasound-related heat stimulation can potentially induce ovulation. In our analysis of the
North Carolina study the probability that the DLT marker correctly identified the true day
of ovulation was 0.65, suggesting that the decline in the ratio of oestrogen to progesterone
metabolites in the urine corresponds closely to ovulation. This provides the most direct as-
sessment of the performance of the DLT marker to date [6]. However, care should be taken
to avoid overinterpretation of this estimate since it is based on assumptions that, though
biologically reasonable, have not been directly validated.

In order to make meaningful comparisons across fertility studies that utilize different markers
of ovulation, it is crucial to account for measurement error in identifying ovulation [34].
Otherwise, the conception probabilities may be biased due to differences in the markers instead
of biological differences between cohorts. The North Carolina study used two measures of
ovulation based on hormonal measures. Both markers appear to occur on or slightly before
the true day of ovulation. However, more commonly used measures such as the last day
of hypothermia or the cervical mucus peak should be much more error-prone; a conjecture
supported by the much wider fertile intervals estimated in studies using these markers [17, 35].
Differences in the markers may explain at least some of the differences in the day-specific
conception probabilities between the North Carolina study, the Barrett and Marshall study [35]
and the European Study of Daily Fecundability [17]. In a previous analysis [34] we compared
the day-specific fecundabilities for North Carolina and British couples using a method that
adjusts for measurement error when a single marker of ovulation is available for each cycle
[12]. In future work we plan to apply the methodology presented here to jointly analyse data
from the North Carolina study and the large multinational European study [17], which utilizes
basal body temperature and cervical mucus measurements to identify ovulation.
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