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ABSTRACT

Pregnancy diagnosis is an essential part of successful 
breeding programs on dairy farms. Milk composition 
alters with pregnancy, and this is well documented. 
Fourier-transform mid-infrared (MIR) spectroscopy is 
a rapid and cost-effective method for providing milk 
spectra that reflect the detailed composition of milk 
samples. Therefore, the aim of this study was to assess 
the ability of MIR spectroscopy to predict the pregnan-
cy status of dairy cows. The MIR spectra and insemina-
tion records were available from 8,064 Holstein cows of 
19 commercial dairy farms in Australia. Three strate-
gies were studied to classify cows as open or pregnant 
using partial least squares discriminant analysis models 
with random cow-independent 10-fold cross-validation 
and external validation on a cow-independent test 
set. The first strategy considered 6,754 MIR spectra 
after insemination used as independent variables in 
the model. The results showed little ability to detect 
the pregnancy status as the area under the receiver 
operating characteristic curve was 0.63 and 0.65 for 
cross-validation and testing, respectively. The second 
strategy, involving 1,664 records, aimed to reduce noise 
in the MIR spectra used as predictors by subtracting 
a spectrum before insemination (i.e., open spectrum) 
from the spectrum after insemination. The accuracy 
was comparable with the first approach, showing no 
superiority of the method. Given the limited results for 
these models when using combined data from all stages 
after insemination, the third strategy explored separate 
models at 7 stages after insemination comprising 348 
to 1,566 records each (i.e., progressively greater ges-
tation) with single MIR spectra after insemination as 

predictors. The models developed using data recorded 
after 150 d of pregnancy showed promising prediction 
accuracy with the average value of area under the re-
ceiver operating characteristic curve of 0.78 and 0.76 
obtained through cross-validation and testing, respec-
tively. If this can be confirmed on a larger data set and 
extended to somewhat earlier stages after insemination, 
the model could be used as a complementary tool to 
detect fetal abortion.
Key words: gestation, prediction accuracy, milk 
composition, discriminant analysis

INTRODUCTION

An accurate and timely detection of pregnancy is 
fundamental to successful breeding programs in dairy 
cows because it enables nonpregnant cows to be rebred 
as soon as possible (Velek et al., 2012). Pregnancy di-
agnosis methods that are currently available include an 
observation of nonreturn to estrus, transrectal palpa-
tion, transrectal or transcutaneous ultrasonography, 
and analysis of progesterone and pregnancy-associated 
glycoproteins in milk or blood (Fricke et al., 2016). 
However, these methods have a certain cost and ef-
ficacy and some require animal handling, which might 
limit their practical implementation.

Fourier-transform mid-infrared (MIR) spectroscopy 
is already routinely used in the dairy industry world-
wide to analyze major milk components (e.g., fat, pro-
tein, lactose contents, and urea) for milk payment, herd 
management, quality control, or genetic evaluation 
programs (ICAR, 2017a). Additionally, MIR can be 
used to predict other phenotypes associated with milk 
composition in dairy cows with reasonable accuracy, 
such as fatty acids (Soyeurt et al., 2006), ketone bodies 
(Grelet et al., 2016), methane emissions (Vanlierde et 
al., 2018), or energy intake and feed efficiency (McPar-
land and Berry, 2016). Because the establishment of 
pregnancy affects milk composition, through altering 
nutrient partitioning between physiological functions, 
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it might be hypothesized that MIR would be used to 
detect the pregnancy of a dairy cow. Indeed, several 
authors have indicated, for instance, increasing milk 
fat and protein contents of pregnant compared with 
nonpregnant cows, especially in the last months of ges-
tation (Olori et al., 1997; Penasa et al., 2016; Lainé et 
al., 2017).

Toledo-Alvarado et al. (2018) investigated the pos-
sibility of predicting the pregnancy status of dairy cows 
from multiple breeds using the whole raw milk MIR 
spectrum alone or in combination with other effects in-
cluding DIM; parity; and concentration of fat, protein, 
and lactose in milk. They found promising, but lim-
ited, prediction accuracy for classification of open and 
pregnant cows [i.e., around 0.60 for the area under the 
receiver operating characteristic curve (AUC)]. The 
imperfect prediction accuracy was attributed to the 
complicated nature of pregnancy status and its indirect 
association with milk composition. Lainé et al. (2014) 
used residual MIR spectra that were obtained after cor-
recting for several effects associated with open cows (i.e., 
fixed effects of parity, breed, month of test-day, DIM, 
and random effects of cows) to discriminate between 
pregnant and open cows. They initially reported very 
good prediction accuracy for classification of open and 
pregnant cows (i.e., specificity and sensitivity higher 
than 90%), which they achieved through random cross-
validation. Unfortunately, the prediction accuracy did 
not hold in external validation, with a drop up to 50% 
reported in a later study (A. Lainé, 2019, University of 
Liège, Gembloux, Belgium, personal communication). 
The explanation was that the way they removed fixed 
effects to obtain the residual MIR spectrum somehow 
artificially created dependencies to the data set used, 
but this cannot be done with future data where preg-
nancy status is not known a priori. These inconsistent 
results facilitate a consideration of new approaches to 
investigate the association between MIR and pregnan-
cy, as also indicated by Toledo-Alvarado et al. (2018).

This study aimed to investigate the potential of milk 
MIR to predict the pregnancy status of dairy cows while 
considering some new aspects that are unexplored in 
the existing literature on this subject. The first innova-
tion of this work lies in the use of novel residual MIR 
spectrum, which is the difference between the spectrum 
after an insemination and a spectrum before this in-
semination at a specific stage during the same lactation. 
By doing this, we expected to simplify the MIR signal 
after insemination by removing effects specific to each 
cow when being open while preserving the potential 
pregnancy signal. The second novelty is the exploration 
of predictions at different stages after insemination, 
because the stage of gestation has been reported to 

influence milk composition. The third novelty is the use 
of cow-independent validation because the commonly 
applied method of random cross-validation has recently 
been reported to produce overoptimistic results (Wang 
and Bovenhuis, 2019).

MATERIALS AND METHODS

Data

The data used in this study, including milk MIR 
spectra and records of insemination from 8,064 Holstein 
cows, were obtained from 19 commercial dairy herds 
located in Victoria, Tasmania, and New South Wales of 
Australia in 2016, 2017, and 2018. Milk samples were 
collected 1 to 8 times per cow and sent to TasHerd Pty 
Ltd. (Hadspen, Tasmania, Australia) for analysis by 
an infrared spectrometer (Bentley Instruments NexGen 
Series FTS Combi machine, Chaska, MN) to obtain 
the MIR spectrum from which fat, protein, and lactose 
contents were estimated using manufacturer prediction 
equations. The obtained MIR spectrum was expressed 
in absorbance, with 899 wavenumbers covering the ab-
sorption of light in the infrared region located from 649 
to 3,999 cm−1.

The pregnancy status, defined as pregnant or open, 
was determined for each test date using records of in-
semination and the corresponding calving date. Where 
an insemination did not result in a pregnancy, MIR re-
cords occurring before and after that insemination were 
set to open status. When an insemination resulted in a 
pregnancy, MIR records occurring before and after that 
insemination were set to open and pregnant statuses, 
respectively. Pregnancy was confirmed by the following 
actual calving record (Figure 1a). Cows with no calving 
records were also retained and considered as open cows.

Data Preprocessing

The first derivative of raw MIR spectra was calcu-
lated for each wavenumber X as the difference between 
the wavenumber X − 2 and the wavenumber X + 2 to 
remove the baseline variation (Soyeurt et al., 2011). 
On the reduced spectra, noisy regions with low signal-
to-noise ratio induced by water absorption were first 
removed, leaving 538 spectral points out of 899 for the 
study (Bonfatti et al., 2011; Grelet et al., 2016). These 
538 wavenumbers were in the regions from 928 to 1,596 
cm−1 and from 1,693 to 3,025 cm−1. Subsequently, po-
tential spectral outliers were excluded by calculating the 
standardized Mahalanobis distance or global distance, 
and records with global distance >3 were eliminated 
(De Maesschalck et al., 2000; Grelet et al., 2017).

Delhez et al.: DIAGNOSING PREGNANCY STATUS OF DAIRY COWS



Journal of Dairy Science Vol. 103 No. 4, 2020

3266

The data were also checked for unusual milk fat and 
protein contents (i.e., 1.5 g/dL of milk < fat < 9 g/dL 
of milk, 1 g/dL of milk < protein < 7 g/dL of milk) and 
SCC (0.01% upper values were deleted) following the 
recommendation of the International Committee for 
Animal Recording (ICAR, 2017b). Finally, gestation 
length was restricted to be from 250 to 300 d, because 
the average for Australian Holsteins is 281 d (Haile-
Mariam and Pryce, 2019).

Modeling Strategies

(1) Single Spectra After Insemination. In this 
strategy, only spectral records after insemination were 
considered, which is similar to the study by Toledo-
Alvarado et al. (2018). However, Toledo-Alvarado et al. 
(2018) did not consider cows with no calving records, 
in contrast to the present study. The selection of spec-
tral records after insemination is described in Figure 
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Figure 1. (a) Timeline diagram explaining how the pregnancy status (i.e., open or pregnant) was defined for milk mid-infrared spectrum 
(MIR) records. (b) Timeline diagram explaining the selection of spectra after insemination. The MIR records with open status can be associ-
ated with several inseminations. The MIR records with pregnant status are associated only with the successful insemination. I = insemination.
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1b. The MIR records with open status, as previously 
described, could be associated with several insemina-
tions, whereas those with pregnant status were only 
associated with the successful (i.e., last) insemination.

(2) Spectral Differences. The concept behind 
this strategy is to look at the change in a spectrum 
arising from pregnancy, which was done by subtract-
ing a spectrum collected before insemination (i.e., open 
spectrum) from the one collected after insemination 
(i.e., open spectrum if the animal was not pregnant and 
pregnant spectrum if the animal was pregnant). We 
hypothesized that, by taking the difference and given 
that the animal was pregnant, the resulting spectrum 
would be less noisy and retain among others the infor-
mation potentially related to pregnancy establishment. 
This approach is similar to that by Lainé et al. (2014) 
except that we subtracted observed spectra and not 
modeled spectra. For each spectrum after insemina-
tion, we selected an open spectrum before insemination 
within a restricted window of 5 to 30 DIM, to have 
control spectra at a similar lactation stage and before 
the first insemination for all cows.

(3) Stages After Insemination. We hypothesized 
that the pregnancy signal in milk might vary by gesta-
tion stage, with the signal being stronger toward the 
end of gestation. Therefore, grouping records based on 
the period after insemination and modeling each group 
separately may improve the accuracy of the models by 
reducing the spectral and the pregnancy signal vari-
abilities. Consequently, only single spectra after insemi-

nation were selected and divided into 7 classes based on 
the number of days after insemination (Table 1).

Model Development and Evaluation of Performance

For each strategy, approximately 80% of the data 
was randomly selected for calibration and the remain-
ing 20% was selected for testing (the specific number 
of records can be seen in Table 1). All test sets were 
cow independent, meaning that cows from each test set 
were different from those in the corresponding calibra-
tion set. All calibration and test sets were forced to 
have a balanced ratio of open and pregnant records by 
randomly sampling the majority class to be the same 
size as the minority class.

Partial least squares discriminant analysis was used 
to classify open and pregnant records (1 = pregnant, 0 
= open), using the Caret package in R (version 3.6.0; 
Kuhn, 2019). Spectra after insemination were used as 
independent variables for the first and third strate-
gies (i.e., single spectra after insemination and stages 
after insemination), whereas in the second strategy 
(i.e., spectral subtraction) spectral differences were 
used as independent variables. Partial least squares 
discriminant analysis was used because it performs 
dimensionality reduction while simultaneously carry-
ing out classification (Rozenstein et al., 2015), which 
is usually preferred to conventional regression tech-
niques, for example, logistic regression when predictor 
variables are highly correlated. As such, this method is 
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Table 1. Number of open and pregnant records and cows, and DIM (mean, with SD in parentheses), for the calibration and test sets for the 3 
strategies

Strategy   Class1   Status

Calibration set

 

Test set

Records,  
no.

Cows,  
no. DIM

Records,  
no.

Cows,  
no. DIM

(1) Single spectra after insemination   Open 3,377 1,342 208 (127) 863 495 229 (114)
Pregnant 3,377 1,698 239 (113) 863 658 246 (126)

(2) Spectral differences   Open 832 456 161 (103) 176 114 169 (114)
Pregnant 832 485 166 (105) 176 127 174 (113)

(3) Stages after insemination 1 (1–30 d) Open 783 611 121 (70) 166 124 144 (97)
    Pregnant 783 612 152 (102) 166 128 150 (97)

2 (31–60 d) Open 688 570 164 (80) 161 116 174 (85)
Pregnant 688 638 201 (118) 161 147 190 (108)

3 (61–90 d) Open 743 553 201 (92) 180 130 219 (90)
Pregnant 743 678 232 (113) 180 161 233 (111)

4 (91–120 d) Open 481 314 263 (105) 139 80 257 (99)
Pregnant 481 400 298 (102) 139 118 292 (105)

5 (121–150 d) Open 282 205 291 (94) 87 57 325 (102)
Pregnant 282 240 329 (100) 87 73 332 (95)

6 (151–180 d) Open 174 112 314 (87) 62 34 295 (80)
Pregnant 174 155 341 (98) 62 51 352 (126)

7 (≥181 d) Open 226 122 361 (81) 68 37 355 (81)
Pregnant 226 157 360 (95) 68 48 349 (89)

1The number of days after insemination for each class of strategy 3 is indicated in parentheses.
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appropriate due to the correlations that exist between 
wavenumbers.

The model performance was evaluated in 2 ways: 
random cow-independent 10-fold cross-validation and 
external validation. Random cow-independent 10-fold 
cross-validation means that 10% of the cows were ran-
domly removed from the calibration set, and a model 
built with the remaining cows was used to classify the 
excluded records. The procedure was repeated 10 times 
to obtain predictions for all records. Hence, for each of 
the 10-folds, cows in the training set were different from 
those in the validation set. In addition to assessing the 
predictive performance of the model, cross-validation 
was also used to fine tune the model (i.e., determine the 
most appropriate number of components of the partial 
least squares discriminant analysis models). However, 
the maximum number of components was fixed to 20 
to avoid overfitting. External validation was carried 
out using the cow-independent testing data consisting 
of cows that were not used to build up and tune the 
model.

Model performance for calibration, cross-validation, 
and testing were assessed using the sensitivity, speci-
ficity, AUC, and median predicted probability for 
correctly classified records. This median predicted 
probability is explained as follows: only records cor-
rectly classified were retained and, for each of them, 
the predicted probability among the 2 classes (i.e., 
open vs. pregnant) with a value greater than the 0.5 
threshold was retained and the median of these pre-
dicted probabilities was calculated. Values that are 
close to 1 indicate high confidence in prediction results 
for correctly classified records, whereas values around 
0.5 indicate low confidence. Sensitivity is defined as 
the proportion of records belonging to pregnant cows 
that were correctly identified as pregnant, and specific-
ity is defined as the proportion of records belonging 
to open cows that were correctly identified as open. 
Sensitivity and specificity are calculated at a decision 
threshold probability of 0.5, and when this threshold is 
modified, the values of both measures are also modi-
fied. Consequently, the projection of these measures at 
different threshold probabilities defines a curve referred 
to as the receiver operating characteristic curve. The 
area under the receiver operating characteristic curve 
indicates how well the model can distinguish between 
the 2 categories. The AUC values are between 0 and 1, 
with 0.5 being a random guess (Šimundić, 2009).

For strategy 2, to have a fair comparison of model 
performance obtained using the spectral differences and 
single spectra after insemination, we ran the 2 models 
on the same data set. Finally, to explore whether the 
patterns of effects of pregnancy on MIR would change 

as gestation progresses, the coefficients of the 7 models 
in the third strategy (i.e., stages after insemination) 
were extracted and analyzed. Accordingly, the correla-
tions between the model’s coefficients are presented as 
a heatmap. If the correlation between the coefficients 
of 2 models is strong, similar wavenumbers might have 
been used for the prediction of the pregnancy status.

RESULTS AND DISCUSSION

A timely and cost-effective pregnancy diagnosis is 
desirable in the management of dairy farms, enabling 
decisions such as feed budgets, planning which cows to 
cull or rebreed, and when to dry off. The MIR spec-
troscopy allows low-cost, high-throughput, and large-
scale milk analysis and is already routinely used in 
many countries worldwide in milk recording programs. 
Hence, using MIR data for pregnancy diagnosis would 
be inexpensive and simple to conduct on farms. The 
expectation that MIR could be used to predict preg-
nancy status originates from the fact that a pregnancy 
establishment would result in changing milk composi-
tion (Olori et al., 1997; Roche, 2003; Penasa et al., 
2016), which is commercially analyzed using MIR. This 
study shows that generally MIR can predict pregnancy 
status with promising accuracy in the late but not early 
stage of gestation.

Data Description

Table 1 describes the data sets used for the 3 mod-
eling strategies. Because of the repeated records per 
cow, some cows could have records that appear in 
both calibration and test sets, or in both training 
and validation sets for cross-validation, which is likely 
to lead to overoptimistic results (Shetty et al., 2017; 
Wang and Bovenhuis, 2019). Consequently, we decided 
to use random cow-independent cross-validation and 
cow-independent test sets (external validation; i.e., 
cows from each validation or test set are different from 
those in the corresponding training or calibration set). 
Such validation strategies were not implemented in the 
previous studies on diagnosing the pregnancy status of 
dairy cows (Lainé et al., 2014; Toledo-Alvarado et al., 
2018).

Regarding the third strategy (i.e., our hypothesis 
that the pregnancy signal in milk might vary by gesta-
tion stage), the number of records decreased from the 
first to the last class (Table 1). The small number of 
spectral records available for pregnant cows in late ges-
tation stages was caused by the dry-off period, which 
is usually at least 6 wk before calving (Dairy Australia, 
2017). Records from cows that were still open later in 
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lactation and a long interval from insemination could 
be from cows that were not reinseminated because of 
fertility or health issues but remained in the herd until 
the end of the lactation. We were unable to verify this 
assumption with certainty because culling records were 
sparse.

As expected, an increasing pattern existed for the av-
erage DIM from class 1 to 7, but in each class, the DIM 
for open and pregnant records were in similar ranges. 
This was important to make sure that the models did 
not discriminate between open and pregnant cows 
solely based on changes in milk composition associated 
with different lactation stages (Mayeres et al., 2004), 
instead of the true effects of pregnancy.

The distribution of open and pregnant records and 
DIM at different periods after insemination for strate-
gies 1 and 2 was similar to that of strategy 3. In the 
study by Toledo-Alvarado et al. (2018), the proportion 
of open cows decreased by week after insemination, 
meaning that open and pregnant records were not 
equally represented at different periods after insemina-
tion, in contrast to the present study.

Diagnosis of Pregnancy Status Using MIR  
with Different Approaches

In this study, we explored 3 approaches to use MIR 
data to predict the pregnancy status of dairy cows. In 
the first approach, which is similar to the study by To-
ledo-Alvarado et al. (2018), only single spectral records 
taken after insemination were retained. In terms of pre-
diction accuracy, the value of AUC obtained through 
cross-validation in our study was comparable to that 
reported by Toledo-Alvarado et al. (2018) when using 
a Bayesian model with Holstein cows and the whole 
MIR spectra as independent variables (i.e., 0.63 and 
0.61, respectively; Table 2). Sensitivity and specificity 
values reported in this study were comparable and close 
to 0.60. For the test set, sensitivity was higher than 
specificity (i.e., 0.65 and 0.56, respectively), indicating 
that the model might have a slightly better ability to 
predict pregnant records correctly. The median prob-
ability values for correctly classified records were 0.56 
for cross-validation and testing. These low values (i.e., 
close to the 0.5 threshold) indicate poor confidence 
in the predictions. However, the negligible difference 
in prediction accuracy between calibration and cross-
validation was a good sign because this implies that 
the model was unlikely to be overfitted and presented 
a certain robustness. One of the reasons for poor per-
formance of the models might be that the spectra after 
insemination were too noisy, because they contain not 
only the effect of pregnancy but also other factors such 
as the lactation stage, herd management, or cow genet-

ics (Collier et al., 2017). Consequently, finding a signal 
indicating pregnancy was challenging.

To overcome the problem caused by noisy effects of 
multiple factors on milk composition, in the second 
approach, a spectrum collected before insemination at 
a specific lactation stage was subtracted from that col-
lected after insemination (Table 3). By doing this, it 
was expected that the noisy effects of, for example, cow 
genetics, herd management, and parity might be elimi-
nated, and the resulting spectrum would be less noisy 
and contain mainly the potential pregnancy signal (if 
there is one) and thus improve prediction accuracy. 
In fact, the idea of taking difference to remove noise 
and magnify signal has been studied in other research 
areas. For instance, noise reduction from speech signal 
by subtracting a signal during a nonspeech period is a 
well-known technique in audio signal processing (Boll, 
1979). Similarly, in the field of earthquake engineer-
ing, Coelho et al. (2011) removed noise during seismic 
dynamic measurements using a spectral subtraction. 
Lainé et al. (2014) also used a spectral subtraction, 
but they derived the spectral difference by performing 
a mixed model on all open-cow data simultaneously 
(considering the fixed effects of parity, breed, month 
of test-day, DIM, and random effect of cows) to calcu-
late an expected open spectrum, which was removed 
from the observed spectrum after insemination. In the 
present study, we performed the subtraction of spectra 
on observed data from the same cow and not using a 
mixed-model approach. Our strategy would, therefore, 
allow the removal of more specific effects to each cow 
and minor effects that were not accounted for in the 
study by Lainé et al. (2014), and without the need to 
know the population a priori.

Unexpectedly, the prediction accuracy for calibra-
tion, cross-validation, and testing using spectral differ-
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Table 2. Strategy 1 (single spectra after insemination): results of 
partial least squares discriminant analysis for calibration, random cow-
independent 10-fold cross-validation (mean, with SD in parentheses), 
and cow-independent test set

Item1 Calibration Cross-validation Test

AUC 0.69 0.63 (0.05) 0.65
Sensitivity 0.63 0.60 (0.03) 0.65
Specificity 0.65 0.59 (0.07) 0.56
Probability 0.56 0.56 (0.00) 0.56
1AUC = area under the receiver operating characteristic curve; sensi-
tivity = proportion of records belonging to pregnant cows that were 
correctly classified as pregnant; specificity = proportion of records 
belonging to open cows that were correctly classified as open; and 
probability = median predicted probability for correctly classified re-
cords (i.e., for each correctly classified record, the greatest predicted 
probability among the 2 classes open vs. pregnant was selected and the 
median was calculated).
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ences were not noticeably different from those obtained 
using single spectra after insemination on the same 
data, with values of AUC, sensitivity, specificity, and 
median probability for testing of 0.58 versus 0.62, 0.59 
versus 0.61, 0.52 versus 0.47, and 0.58 versus 0.60, 
respectively. These results were obtained on the same 
data set to make sure the comparison is fair. Indeed, 
the restricted DIM window for the selection of spectra 
before insemination limited the number of data avail-
able for modeling. Different DIM windows were tested, 
but no improvements could be observed (results not 
shown). Further, the considerable drops in prediction 
accuracy between calibration and cross-validation (10–
20%) implied a lack of robustness. This may be partly 
because of the small size of the data set (Hawkins, 
2004). Indeed, the data set for the single spectra after 
insemination approach (Table 1) was larger, which has 
been shown to result in small differences in prediction 
accuracy between calibration and cross-validation. 
Given these results, it is not possible to conclude that 
the spectral difference approach we tested is superior 
to single spectra after insemination in diagnosing preg-
nancy status. However, the change in chemical compo-
sition of pasture for seasonal feeding systems, as in this 
study, could confuse the spectral signal before and after 
insemination, because the spectra were collected at dif-
ferent periods. In TMR systems, where the feed is more 
consistent, this method has a better chance of working. 
Also, it is still unclear whether a pregnancy signal in 
MIR exists of sufficient size to be detected, even after 
all the noisy effects have been removed, which could 
be elucidated using control studies such as the one by 
Lainé et al. (2017).

We have shown that using spectral data from vari-
ous pregnancy stages was not enough to accurately 
diagnose the pregnancy status of cows. Several studies 
have reported a varying effect of pregnancy on milk 

composition throughout gestation. For example, Olori 
et al. (1997), Roche (2003), and Penasa et al. (2016) 
reported that milk fat and protein contents, as well 
as lactose content to a smaller extent, increased as 
pregnancy advances. More recently, Lainé et al. (2017) 
reported that the effect of pregnancy on the whole MIR 
spectrum was variable according to the spectral region 
and the gestation stage, and tended to be stronger at 
the end of the gestation. In the previous studies on 
the prediction of the pregnancy status of dairy cows 
(Lainé et al., 2014; Toledo-Alvarado et al., 2018), the 
number of days after insemination was limited to 120 
and 91, respectively, and the pregnancy status was 
studied without a consideration of different gestation 
periods. In this study, we had data for later stages after 
insemination and we hypothesized that separating data 
by stage after insemination might reduce spectral vari-
ability as well as pregnancy signal variability and thus 
improve prediction accuracy. This approach is compa-
rable to the first one (i.e., using single spectra after 
insemination as independent variables in the model), 
but the data were grouped into 7 classes based on the 
days after insemination.

Table 4 shows that, in general, for each class after 
insemination, the prediction accuracies for cross-vali-
dation and testing were relatively similar, whereas they 
were higher for calibration, indicating potential lack 
of robustness in all models. Similar to the results of 
the spectral difference approach, the lack of robustness 
might just be a consequence of having a small data set 
in each class.

Interestingly, the prediction accuracy for class 7 (i.e., 
records taken 181 or more days after insemination) was 
20% higher than that of classes 1 to 5. We also observed 
higher cross-validation and test AUC, sensitivity, and 
probabilities for class 6 (i.e., records between 151 and 
180 d after insemination) compared with classes 1 to 5. 
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Table 3. Strategy 2 (spectral differences): comparison of the results of partial least squares discriminant analysis 
with spectral differences versus single spectra after insemination as independent variables for calibration, 
random cow-independent 10-fold cross-validation (mean, with SD in parentheses), and cow-independent test 
set

Item1

Spectral differences

 

Single spectra after insemination

Calibration Cross-validation Test Calibration Cross-validation Test

AUC 0.77 0.59 (0.06) 0.58   0.78 0.60 (0.07) 0.62
Sensitivity 0.71 0.58 (0.07) 0.59   0.73 0.62 (0.06) 0.61
Specificity 0.72 0.54 (0.09) 0.52   0.72 0.56 (0.09) 0.47
Probability 0.60 0.59 (0.01) 0.58   0.59 0.58 (0.01) 0.60
1AUC = area under the receiver operating characteristic curve; sensitivity = proportion of records belonging to 
pregnant cows that were correctly classified as pregnant; specificity = proportion of records belonging to open 
cows that were correctly classified as open; and probability = median predicted probability for correctly clas-
sified records (i.e., for each correctly classified record, the greatest predicted probability among the 2 classes 
open vs. pregnant was selected and the median was calculated).
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Globally, the median probabilities for correctly classi-
fied records were relatively close to the 0.5 threshold, 
showing that the model was unable to separate well the 
data, though these probabilities were slightly higher in 
the last 2 groups. These results imply that although 
MIR may not be sufficient to predict the pregnancy 
status of dairy cows in early and mid stages after in-
semination (from 1 to 150 d), promising results were 
obtained for records taken 151 d or more after insemi-
nation.

In late gestation, cows are subject to more significant 
endocrine changes, reduced feed intake, and greater 
nutritional demand of the growing calf compared with 
the early gestation period (Ingvartsen and Andersen, 
2000; Penasa et al., 2016). Indeed, almost no increase in 
estrogen level exists during the first 3 mo of pregnancy, 
but it gradually rises from the third to the seventh 
month, before suddenly increasing after 7 mo of preg-
nancy (Parkhie et al., 1966; Penasa et al., 2016). The 
increase in estrogen levels in maternal blood during the 
last weeks of pregnancy affects nutrient partitioning, 
which has a deleterious effect on milk yield and, conse-
quently, milk composition (Parkhie et al., 1966; Olori 
et al., 1997). Olori et al. (1997) also mentioned that 
the varying effect of pregnancy stages on milk compo-
sition suggests that the mechanism for the secretion 
of the solid and nonsolid components of milk might 

be unequally affected by pregnancy. This may offer an 
explanation of why good accuracy was obtained for the 
models using records after 150 d after insemination but 
not in early gestation.

A potential application of MIR for pregnancy diag-
nosis at advanced stages after insemination is for detec-
tion of late fetal abortion. Mid- to late-term fetal losses 
are often detected using careful observations because of 
a vaginal discharge or expulsion of placenta. However, 
not all abortions are detected, especially those that oc-
cur before 180 d of pregnancy (Bronner et al., 2015), 
and therefore, MIR could be used as a complementary 
tool, provided that it can be used for slightly earlier 
diagnosis than 151 d. This would need to be confirmed 
using a larger data set. Adding data collected from oth-
er analyses such as metabolomics could further improve 
the prediction accuracy. Also, using a much larger data 
set, it is worth exploring whether deep learning tech-
niques can help provide a better prediction.

The results obtained for strategy 3 are consistent 
with Figure 2, which is a heatmap of correlations 
between coefficients of the 7 models associated with 
the 7 classes. Correlations were generally low, with a 
maximum of 0.41. However, an interesting finding was 
that the closer the groups, the higher the correlations 
(e.g., group 7 had high correlations with groups 5 and 
6 but lower correlations with groups 1 to 4). These 

Delhez et al.: DIAGNOSING PREGNANCY STATUS OF DAIRY COWS

Table 4. Strategy 3 (stages after insemination): results of partial least squares discriminant analysis for 
calibration, random cow-independent 10-fold cross-validation (mean, with SD in parentheses), and cow-
independent test set for the 7 classes of records based on the number of days after insemination1

Class   Data set AUC Sensitivity Specificity Probability

1 (1–30 d)   Calibration 0.74 0.70 0.68 0.58
  Cross-validation 0.63 (0.05) 0.60 (0.05) 0.58 (0.09) 0.58 (0.00)
  Test 0.62 0.57 0.58 0.58

2 (31–60 d)   Calibration 0.67 0.62 0.67 0.55
  Cross-validation 0.64 (0.03) 0.58 (0.05) 0.63 (0.06) 0.52 (0.01)
  Test 0.61 0.59 0.57 0.54

3 (61–90 d)   Calibration 0.74 0.66 0.69 0.58
  Cross-validation 0.64 (0.03) 0.60 (0.08) 0.61 (0.10) 0.58 (0.01)
  Test 0.59 0.61 0.52 0.58

4 (91–120 d)   Calibration 0.75 0.66 0.69 0.59
  Cross-validation 0.62 (0.06) 0.57 (0.07) 0.60 (0.13) 0.58 (0.01)
  Test 0.65 0.60 0.66 0.58

5 (121–150 d)   Calibration 0.78 0.70 0.73 0.59
  Cross-validation 0.63 (0.10) 0.64 (0.10) 0.59 (0.16) 0.59 (0.02)
  Test 0.61 0.62 0.59 0.58

6 (151–180 d)   Calibration 0.88 0.78 0.75 0.63
  Cross-validation 0.71 (0.06) 0.64 (0.12) 0.63 (0.13) 0.63 (0.03)
  Test 0.70 0.71 0.55 0.61

7 (≥181 d)   Calibration 0.91 0.81 0.85 0.65
  Cross-validation 0.86 (0.05) 0.76 (0.10) 0.79 (0.16) 0.65 (0.02)
  Test 0.82 0.75 0.74 0.63

1AUC = area under the receiver operating characteristic curve; sensitivity = proportion of records belonging to 
pregnant cows that were correctly classified as pregnant; specificity = proportion of records belonging to open 
cows that were correctly classified as open; and probability = median predicted probability for correctly clas-
sified records (i.e., for each correctly classified record, the greatest predicted probability among the 2 classes 
open vs. pregnant was selected and the median was calculated).
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results potentially imply that pregnancy was detected 
using different spectral wavelengths or with different 
weights at different stages after insemination, with an 
evolving pattern from the beginning toward the end of 
the pregnancy. This confirms the poor prediction accu-
racy of the global model for pregnancy detection in the 
present and the previous studies by Lainé et al. (2014) 
and Toledo-Alvarado et al. (2018).

The low frequency of milk recoding, which is monthly 
in most countries, could be considered as an obstacle 
in applying MIR to predict not only pregnancy status 
but also other traits, such as indicators of early lacta-
tion metabolic diseases (e.g., β-hydroxybutyrate, fatty 
acids). Only when scientists have been able to demon-
strate the costs and benefits of having MIR collected 

more frequently will farmers be willing to alter their 
milk-testing practice so that these MIR tools can be 
applied more effectively.

CONCLUSIONS

In this study, we have shown that milk MIR spectral 
data collected at different stages after insemination, 
when used directly or taking a spectral difference, 
were not sufficient to detect the pregnancy status of 
dairy cows. However, the models developed using data 
recorded after 150 d of pregnancy showed promising 
prediction accuracy, with the value of AUC around 
78% obtained through random cow-independent cross-
validation. If this can be confirmed using a larger data 
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Figure 2. Heatmap of correlations between coefficients of the 7 models associated with the classes of records based on the number of days 
after insemination (class 1 = 1 to 30 d, class 2 = 31 to 60 d, class 3 = 61 to 90 d, class 4 = 91 to 120 d, class 5 = 121 to 150 d, class 6 = 151 
to 180 d, class 7 = ≥181 d).



3273

Journal of Dairy Science Vol. 103 No. 4, 2020

set and can be done a little earlier, the models could be 
used as a complementary tool to detect fetal abortion.
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