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ABSTRACT

Milk composition, particularly milk fatty acids, has 
been extensively studied as an indicator of the meta-
bolic status of dairy cows during early lactation. In 
addition to milk biomarkers, on-farm sensor data also 
hold potential in providing insights into the metabolic 
health status of cows. While numerous studies have 
explored the collection of a wide range of sensor data 
from cows, the combination of milk biomarkers and 
on-farm sensor data remains relatively underexplored. 
Therefore, this study aims to identify associations be-
tween metabolic blood variables, milk variables, and 
various on-farm sensor data. Second, it seeks to ex-
amine the supplementary or substitutive potential of 
these data sources. Therefore, data from 85 lactations 
on metabolic status and on-farm data were collected 
during 3 wk before calving up to 5 wk after calving. 
Blood samples were taken on d 3, 6, 9, and 21 after 
calving for determination of β-hydroxybutyrate (BHB), 
nonesterified fatty acids (NEFA), glucose, insulin-like 
growth factor-1 (IGF-1), insulin, and fructosamine. Milk 
samples were taken during the first 3 wk in lactation 
and analyzed by mid-infrared for fat, protein, lactose, 
urea, milk fatty acids, and BHB. Walking activity, feed 
intake, and body condition score (BCS) were monitored 
throughout the study. Linear mixed effect models were 
used to study the association between blood variables 
and (1) milk variables (i.e., milk models); (2) on-farm 
data (i.e., on-farm models) consisting of activity and 
dry matter intake analyzed during the dry period ([D]) 

and lactation ([L]) and BCS only analyzed during the 
dry period ([D]); and (3) the combination of both. In 
addition, to assess whether milk variables can clarify 
unexplained variation from the on-farm model and vice 
versa, Pearson marginal residuals from the milk and 
on-farm models were extracted and related to the on-
farm and milk variables, respectively. The milk models 
had higher coefficient of determination (R2) than the 
on-farm models, except for IGF-1 and fructosamine. 
The highest marginal R2 values were found for BHB, 
glucose, and NEFA (0.508, 0.427, and 0.303 vs. 0.468, 
0.358, and 0.225 for the milk models and on-farm mod-
els, respectively). Combining milk and on-farm data 
particularly increased R2 values of models assessing 
blood BHB, glucose, and NEFA concentrations with the 
fixed effects of the milk and on-farm variables mutually 
having marginal R2 values of 0.608, 0.566, and 0.327, 
respectively. Milk C18:1 was confirmed as an important 
milk variable in all models, but particularly for blood 
NEFA prediction. On-farm data were considerably 
more capable of describing the IGF-1 concentration 
than milk data (marginal R2 of 0.192 vs. 0.086), mainly 
due to dry matter intake before calving. The BCS [D] 
was the most important on-farm variable in relation 
to blood BHB and NEFA and could explain additional 
variation in blood BHB concentration compared with 
models solely based on milk variables. This study has 
shown that on-farm data combined with milk data can 
provide additional information concerning the meta-
bolic health status of dairy cows. On-farm data are of 
interest to be further studied in predictive modeling, 
particularly because early warning predictions using 
milk data are highly challenging or even missing.
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INTRODUCTION

Blood sampling is often considered as the reference 
test to determine the metabolic status during early 
lactation, based on nonesterified fatty acids (NEFA) 
or BHB concentrations (Oetzel, 2004; LeBlanc, 2010). 
However, it is obvious that blood sampling has its 
limitations in practice, which is illustrated by the broad 
range of literature on alternative biomarkers such as 
ketone bodies in urine and milk. Milk composition, 
in particular milk fatty acids, have been extensively 
investigated to monitor and provide further insight on 
the metabolic status of dairy cows during early lac-
tation (Jorjong et al., 2015; Pires et al., 2022). Some 
milk fatty acids can be routinely determined by mid-
infrared (MIR) spectra instead of an extensive labora-
tory analysis by GC (Rutten et al., 2009; Soyeurt et 
al., 2011; Maurice-Van Eijndhoven et al., 2013), which 
could facilitate implementation in practice. Heirbaut 
et al. (2023a) used MIR-predicted milk biomarkers to 
assess metabolic imbalance during early lactation with 
similar predictive performance as models based on milk 
fatty acids determined by GC. These MIR-predicted 
biomarkers contained milk BHB and fatty acid classes 
such as total milk C18:1. However, colostrum (Mann 
et al., 2016) or even early milk samplings at d 3 of 
lactation (Heirbaut et al., 2023a) were not suitable to 
evaluate the metabolic health status.

In addition to milk biomarkers, on-farm sensor data 
also could be informative regarding metabolic health 
status, and combine easy, practical on-farm implemen-
tation with potentially earlier decisive management 
information (e.g., data from the dry period). For exam-
ple, Menichetti et al. (2020) found that the prepartum 
blood NEFA concentration was positively associated 
with the coefficient of variation of the lying time within 
7 d before the blood sampling. Indeed, activity and 
rumination sensor data showed associations with or 
predictive value for metabolic health or resilience; for 
example, rumination time is used as an indicator of 
(subclinical) health status (Soriani et al., 2012; Cala-
mari et al., 2014), including early warning around dry-
off (Abuelo et al., 2021). Prepartum activity measured 
by accelerometers could be informative in relation to 
postpartum disease, although still with a high number 
of false positives (Belaid et al., 2021). Finally, sensor 
data also have been used to model (lifetime) resilience 
variables (e.g., early culling; van Dixhoorn et al., 2018; 
Adriaens et al., 2020; Ouweltjes et al., 2021).

Although all those studies showed the potential 
of collecting a wide range of cow sensor data, to our 
knowledge, few studies combined milk biomarkers with 
on-farm sensor data. Studying sensor data and milk 
biomarkers together in relation to metabolic blood 

variables could help to understand whether these data 
sources provide supplementary (i.e., making an addition; 
Merriam-Webster, 2022) or substitutive information 
(i.e., replacement; Merriam-Webster, 2022). The study 
of Xu et al. (2019) combined BW during lactation with 
milk variables, including protein, fat, lactose content, 
and SCC, but milk fatty acids or milk BHB were not 
included in their study and the milk biomarkers had 
the highest importance in the prediction. Mäntysaari 
et al. (2019) modeled blood NEFA concentration as a 
function of milk variables, BW, and BCS and the lat-
ter 2 variables were selected in the model having the 
best fit. The set of sensor data (i.e., BW and BCS), as 
well as blood variables (i.e., NEFA only), were limited 
in this study. Therefore, conducting further investiga-
tions into the associations between blood variables, 
milk variables, and on-farm sensor data is essential. 
Compared with milk biomarkers, on-farm sensor data 
have the potential advantage of providing prepartum 
information on the postpartum metabolic health status.

Therefore, the objective of this research is to (1) 
identify associations between metabolic blood variables, 
milk variables, and various on-farm sensor data and (2) 
study their supplementary or substitutive potential for 
explaining variation in various metabolic blood vari-
ables. It is hypothesized that the combination of both 
data sources will be a better proxy for assessing the 
concentrations of the metabolic blood variables than 
the single data sources. This research was set up as 
an initial screening in which predictive models were 
not developed because more data would be required to 
avoid the risk of overfitting.

MATERIALS AND METHODS

Animals, Samplings, and Sensor Measurements

The experiment (2018/329) was conducted at the 
research farm of ILVO (Flanders Research Institute 
for Agriculture, Fisheries, and Food, Melle, Belgium). 
It took place from October 2018 until October 2020 
and was approved by the Ethical Committee of ILVO 
(2018/329). Detailed data about the animals, hous-
ing, and diets were previously described in Heirbaut 
et al. (2023a). In our previous study (Heirbaut et al., 
2023a), a machine learning model for diagnosing meta-
bolic impaired health status using routine MIR-based 
milk composition was developed and compared with a 
machine learning model using milk fatty acids deter-
mined via an extensive GC method. Based on different 
metabolic blood variables the cows were grouped into 
metabolically balanced and imbalanced cows via a k-
means clustering procedure. The developed machine 
learning model had similar performance as a machine 
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learning model using milk fatty acids determined via 
an extensive GC method. A subset of the 117 multipa-
rous lactations of Holstein-Friesian cows monitored in 
Heirbaut et al. (2023a) had behavior data available, 
allowing to identify associations between the different 
metabolic blood variables, milk variables, and various 
on-farm sensor data and to study their supplementary 
or substitutive potential. Accordingly, data have been 
further filtered, based on the availability of BCS, feed 
intake, and activity data, resulting in 85 lactations (77 
unique cows). These cows had BCS, feed intake, and 
activity data during the period 3 wk before calving, 
as well as milk, feed intake, and activity data during 
the postpartum period until 3 wk after calving. In this 
study any cows with clinical health disorders were kept 
in the trial and not removed from the dataset (except 
in case the disease or death during the trial resulted 
in too limited data availability: 1 cow died during the 
first 3 wk, 1 cow died shortly after the 3 wk of trial, 
and 1 cow was removed a priori due to too many miss-
ing blood data). The disease definition was based on 
the reported cases of mastitis, clinical ketosis, metritis, 
hypocalcemia, displaced abomasum, or other clinical 
health problems (e.g., severe lameness), which required 
intervention by veterinarian or farm staff.

In the cleaned dataset of 85 lactations, there were 14 
lactations (14 unique cows) which experienced at least 
1 clinical disease during the first 3 wk after calving. In 
the filtered dataset, no cows died during the first 3 wk 
of the experiment.

The dry cows and lactating cows were housed sepa-
rately in a freestall barn with a slatted floor, with a 
stocking density of less than one cow per cubicle. The 
maternity pens, which had straw bedding, were located 
within the same building. Cows stayed in these mater-
nity pens from the time of imminent calving (such as 
pelvic ligament relaxation and teat filling) until 3 d 
after calving. If a cow developed a disease, it was kept 
in the maternity pen for a longer duration. Throughout 
the study, individual feed intake was tracked using RIC 
feeding bins (Insentec, Hokofarm Group, Marknesse, 
the Netherlands), except for the period around calving 
during which they remained in the maternity pen. Dur-
ing lactation, concentrate intake was monitored using 
automatic concentrate providers (Greenfeed, C-Lock 
Inc., Rapid City, US; DeLaval, Tumba, Sweden) and 
in the herringbone milking parlor (DeLaval). The cows 
were provided with ad libitum access to water.

Blood samples were collected from the cows accord-
ing to the procedures previously reported in the study 
by Heirbaut et al. (2022, 2023a). Specifically, samples 
were taken in the morning on d 3 (mean ± SD, 3.1 ± 
0.32), 6 (5.9 ± 0.55), 9 (9.1 ± 0.56), and 21 (20.9 ± 

0.75) after calving. Feed was offered around 1.5 h before 
blood sampling. Samples were obtained from either the 
coccygeal vessels (on d 3, 6, and 9) or the jugular vein 
(on d 21). The collected blood samples were analyzed 
for BHB, NEFA, IGF-1, insulin, and fructosamine. The 
IGF-1 concentration was measured using a commercial-
ly available Bovine IGF-1 ELISA Kit (catalog number 
201–04–0024, standard range 60 to 960 ng/mL, Shang-
hai Sunred Biological Technology Co. Ltd., China). 
The detection assay range was from 6.0 to 1,800 ng/
mL for IGF-I. The analysis was performed according to 
the manufacturer’s instructions. Samples were analyzed 
in duplicate and absorbance values were read at 450 nm 
using a microplate spectrophotometer (Biotek Synergy 
Neo2, BIOKOM, USA). The intra-assay coefficients of 
variation were less than 10%. The BHB, NEFA, insulin, 
and fructosamine analyses are described in Heirbaut et 
al. (2022, 2023a).

Daily milk samples (27 mL) were collected in a 
representative manner during the morning (0530 h; 2 
h before feeding), from d 3 until 23 postpartum. The 
samples were analyzed by the laboratory of Qlip (the 
Netherlands) for milk fat, protein, lactose, urea (ISO, 
2013), SCC (ISO, 2006), BHB, SFA, UFA, MUFA, and 
total milk C18:1 (estimated using Fourier transform 
infrared spectrometry). More details can be found in 
Heirbaut et al. (2023a).

Finally, 2 types of sensor measurements were carried 
out in the study. The first one involved using a BCS 
camera from DeLaval to determine the cows’ BCS. This 
measurement was taken roughly every 2 wk during the 
dry period. The BCS camera output data used in this 
study were retrieved in 0.1 increments. The provided 
data were obtained as a 7-d moving average. The sys-
tem has been validated by Mullins et al. (2019) and 
showed the precision of the scores within the range of 
3.0 to 3.75. However, the study of Mullins et al. (2019) 
revealed underestimation for lower BCS and overesti-
mation for higher BCS. The second type of measure-
ment used IceTag3D motion sensors from IceRobotics 
(Edinburgh, Scotland) to monitor the cows' walking 
activity both during the dry period and lactation. The 
study of Heirbaut et al. (2022) contains more detailed 
information on the sensor measurements.

Data Processing

The data analysis was performed using R (ver-
sion 4.2.2; R Core Team, 2022) and RStudio (version 
2022.07.2). The data files were imported, wrangled, ex-
plored, and visualized using various packages, including 
readxl (version 1.3.1, Wickham and Bryan, 2019), tidy-
verse (version 1.3.1, Wickham et al., 2019), data.table 
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(version 1.14.0, Dowle and Srinivasan, 2021), ggrepel 
(version 0.8.2, Slowikowski, 2020), skimr (version 2.1.3, 
Waring et al., 2021), ggplot2 (version 3.3.5, Wickham, 
2016), smplot (version 0.1.0, Min, 2022), scales (version 
1.2.0, Wickham and Seidel, 2022), esquisse (version 
1.1.0, Meyer and Perrier, 2022), patchwork (version 
1.0.1, Pedersen, 2020), and ggthemr (version 1.1.0, 
Tobin, 2020). Package management was performed 
using the pacman package (version 0.5.0, Rinker and 
Kurkiewicz, 2017).

Data Treatment. Several data treatment meth-
ods were applied to ensure the quality and reliability 
of the data. Outliers in the data were identified and 
handled appropriately. The IGF-1 concentrations were 
winsorized (fixed upper threshold of 250 ng/mL) and 
the insulin concentrations below the detection limit 
were imputed by the minimum concentration (details 
in Heirbaut et al., 2023a). Milk composition records 
with milk fat concentrations outside the 1% and 99% 
quantiles for each sampling day, were removed from 
analysis. Milk BHB contained one biologically implau-
sible result and hence was winsorized.

IceTag activity data consisted of steps, lying time, 
number of lying bouts, standing time, and motion in-
dex. The motion index was not used for further model-
ing due to the high correlation with steps. Standing 
time is directly related to lying time (1 − lying time) 
and was therefore not included.

Activity data, DMI, and milk variables were aligned 
based on corresponding sampling days during lactation. 
For each sampling day x, the average was taken of day 
x − 1 until day+1 (except milk samples taken on d 
3: only average of day x and day x +1). The exact 
sampling day was afterward defined as a fixed number 
(d 3, 6, 9, and 21) factor variable for modeling. Before 
calculating the average, the number of lying bouts was 
winsorized based on the 95% quantile using the package 
DescTools (v0.99.38., Signorell, 2020).

For data during the dry period, average BCS was 
calculated during the period d −21 until d −1 for cows 
having at least 1 observation during this period. The 
average number of steps, lying time, and number of 
lying bouts during the last week before calving was 
calculated. Afterward the number of lying bouts was 
winsorized based on the 95% quantile using the package 
DescTools (v0.99.38., Signorell, 2020). The DMI dur-
ing the last week before calving was summarized by a 
linear mixed effect model using package lme4 (v.1.1–31; 
Bates et al., 2015) with Nelder-Mead optimization of 
parameters. This linear mixed effect model described 
the DMI in function of DIM and a random slope and 
intercept for each cow. For each cow, the random in-
tercept, slope, and, root mean squared error (RMSE) 
were extracted as DMI variables of interest.

Mixed Effect Modeling. Linear mixed effect mod-
els were used to study the association between blood 
variables (BHB, NEFA, glucose, insulin, IGF-1, and 
fructosamine; measured at d 3, 6, 9, and 21) and (1) 
milk variables; (2) on-farm data consisting of activity 
and DMI during the dry and lactation period, and BCS 
(dry period); and (3) the combination of milk variables 
and on-farm data. In total 324 observations were used 
(85 lactations, 4 sampling days). A schematic overview 
of the data processing is given in Figure 1.

Linear mixed effect models were built, using the 
package lme4 (v.1.1–31; Bates et al., 2015) and lmerT-
est (v3.1–3; Kuznetsova et al., 2017). The cow was 
defined as a random effect. All numeric dependent 
and independent variables were scaled and centered 
before entry into the models to (1) avoid any poten-
tial convergence issues due to very different scales of 
predictor variables; (2) increase the interpretability of 
the estimates. P-values were based on Satterthwaite 
approximation. The performance package (v0.10.0; 
Lüdecke et al., 2021) was used to calculate variance-
inflation factors (VIF; based on the fixed effects model) 
to check linearity of residuals versus fitted values, the 
homogeneity of variance, and the normality of model 
residuals. In case the assumption of normality was vio-
lated, variables were transformed using the logarithm 
with base 10. The SCC, BHB, NEFA, IGF-1, insulin, 
and fructosamine were log10 transformed to meet the 
condition of normally distributed residuals. All milk 
variables, except SFA, UFA, and MUFA (because of 
correlated variables), were included as variables in the 
mixed effect models. In addition, the fat and protein 
content were removed to avoid multicollinearity issues, 
due to the correlation with the fat/protein ratio. All 
model terms and biologically relevant interactions were 
evaluated via backward elimination and omitted if the 
P-value >0.10. Days in milk, health status (binary 
variable), and parity were forced into the models. The 
factor health status was a clinical disease definition, 
based on the reported cases that required intervention 
by veterinarian or farm staff. This additional factor was 
used to avoid that a clinical disease state would be a 
factor of unknown variation (e.g., influencing the DMI, 
activity). Cows were treated according to the standard 
procedures of the farm, without any influence on the 
intervention based on results from this observational 
study.

The models studying the association between blood 
variables and milk variables were constructed as given 
in Equation [1]:

Yi,j = μ + a1FPi,j + a2Uri,j + a3BHBi,j + a4LogSCCi,j  

+ a5C18: 1i ,j + a6DIMj + a7Lacj + a8Hj + Uj + εi,j, [1]

Heirbaut et al.: MILK VARIABLES AND ON-FARM DATA DURING TRANSITION
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where Yi,j represents the blood variable (BHB, NEFA, 
glucose, insulin, IGF-1 or fructosamine) of cow j at day 
i. The overall intercept is given by μ. FPi,j, Uri,j, BHBi,j, 
LogSCCi,j, and C18: 1i ,j are the fat/protein ratio, urea, 
milk BHB, log10 SCC, and milk C18:1 concentration of 
cow j at lactation day i (average day i − 1 until day i 
+ 1, except d 3), respectively. DIMj and Lacj are DIM 
(fixed as 3, 6, 9, or 21) and the lactation number (2, 3, 
>3). Hj is the health status of cow j. Uj is the random 
intercept, and εi,j is the error term. The coefficients are 
given by a1 to a8.

The models studying the association between blood 
variables and on-farm data were constructed as given 
in Equation [2]:

Yi,j = μ + a1SL[i],j + a2LL[i],j + a3LBL[i],j + a4DMIL[i],j   

+ a5SD,j + a6LD,j + a7LBD,j + a8bDMID,j + a9aDMID,j 

+ a10RMSE DMID,j + a11BCSD,j + a12DIMj + a13Lacj  

 + a14Hj + Uj + εi,j, [2]

where Yi,j represents the blood variable (BHB, NEFA, 
glucose, insulin, IGF-1, or fructosamine) of cow j at 
day i. The overall intercept is given by μ. SL[i],j, LL[i],j, 
LBL[i],j, and DMI[i],j are the numbers of steps, lying 
time, number of lying bouts, and DMI of cow j at 
lactation day i (i: average day i − 1 until day i + 1) 
or the dry period (D). bDMID,j, aDMID,j, and RMSE 
DMID,j are the random intercept, random slope, and 
root mean squared error of DMI for cow j during the 
last week before calving. BCSD,j is the average BCS 
of cow j during the last 3 wk before calving. DIMj 
and Lacj are DIM (fixed as 3, 6, 9, or 21) and the 
lactation number (2, 3, >3), respectively. Hj is the 
health status of cow j. Uj is the random intercept, 
and εi,j is the error term. The coefficients are given 
by a1 to a14.

A third type of model was constructed as full model, 
by including all the fixed effects from Equations [1] 
and [2] in one model. Hence this model combined milk 
variables and on-farm variables to study the different 
metabolic blood variables.

Heirbaut et al.: MILK VARIABLES AND ON-FARM DATA DURING TRANSITION

Figure 1. Schematic overview of the modeling approach followed to study the associations between milk data (variables in blue; determined 
by mid-infrared, except SCC) and on-farm data (variables in green; BCS, activity, and DMI) in relation to metabolic blood variables (variables 
in red; BHB, nonesterified fatty acids [NEFA], glucose, insulin, IGF-1, and fructosamine) and model residuals by the use of linear mixed models 
(LMM). Blood samples were collected on d 3, 6, 9, and 21 during lactation, while daily milk samples were obtained from d 3 to 23. Body condi-
tion scores were determined using a DeLaval BCS camera, and walking activity was monitored using IceTag3D motion sensors from IceRobotics. 
The study included 85 lactations from 77 unique cows. The arrows in dark blue and dark green refer to the study of the association between the 
raw blood variables with the milk and on-farm data, respectively. The dashed arrows refer to the extraction of model residuals from the milk 
model (blue) and on-farm model (green). The arrows in light blue and light green refer to the study of the association between the extracted 
residuals from the blood variables and the milk and on-farm data, respectively. The variable annotations “[D]” and “[L]” refer to the dry period 
and lactation, respectively. Slope DMI [D], RMSE DMI [D], and intercept DMI [D] are the slope, root mean squared error (RMSE), and intercept 
of a linear mixed effect model studying the DMI during the last week before calving (d −7 to −3) in function of DIM, with a random slope and 
intercept for each lactation.
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Models [1] and [2] were constructed to conclude 
whether and to which extent the milk variables and on-
farm data are associated with metabolic blood variables. 
To assess whether milk variables and on-farm data could 
explain unexplained variance in models [2] and [1], Pear-
son marginal model residuals from Equations [1] and 
[2] were extracted using the redres package (v0.0.0.9; 
Goode et al., 2022). Since models [1] and [2] included a 
random intercept for the cow level, marginal residuals 
were extracted to only account for fixed effects. Hence, 
these residual models were again fitted with a random 
intercept for cow and modeled in function of the ex-
planatory variables in model [2] and [1], respectively.

Statistical reporting was performed using package sj-
Plot (v2.8.1.; Lüdecke, 2022). Calculation of coefficient 
of determination (R2) is a common practice in linear 
models, but very rare in mixed models since there are 
different complex ways to calculate due to the random 
effects. However, R2 has important value in (biological) 
models. Hence in this study, marginal and conditional 
R2 and partial R2 were estimated using the Nakagawa 
and Schielzeth approach (Nakagawa and Schielzeth, 
2013) via the r2beta function in the r2glmm package 
(v0.1.2; Jaeger, 2017). The partial R2 quantifies the pro-
portion of variation in the dependent variable (response 
variable) explained uniquely by a specific predictor vari-
able while holding other predictors constant, while the 
marginal and conditional R2 refer to the proportion of 
variation explained by the complete model, respectively 
excluding and including the random model effects.

Moreover, the RMSE was calculated in 2 ways, based 
on the model including random effects, as well as ex-
cluding the random effects, using the package Metrics 
(v0.1.4; Hamner and Frasco, 2018).

Sparse Partial Least Squares. Finally, to explore 
further the relationship between (1) metabolic blood 
variables and (2) milk and on-farm data, sparse partial 
least squares (sPLS) was performed by using package 
mixOmics (v6.12.2; Rohart et al., 2017). This method 
maximizes the covariance between the latent variables and 
is able to model multiple response variables (i.e., the blood 
variables). To enhance interpretability sPLS included the 
LASSO penalization on loading vectors to reduce the 
number of original variables used when constructing latent 
variables (Rohart et al., 2017). Variable plots and clustered 
heatmap of sPLS were constructed to assess the relation-
ship of the variables among the different components.

RESULTS

Summary Descriptive Data

Cows in this study had a median parity of 3 (range 2 
to 6). The average recorded milk yield (mean ± SD; d 

3 to d 23) was 36.6 ± 6.83 kg/d. Milk samples had an 
average fat content of 5.1 ± 1.24 g/100 g of milk and an 
average protein content of 3.6 ± 0.52 g/100 g of milk. 
The milk samples had a median BHB concentration of 
0.09 (range 0.0 to 2.5) mmol/L milk and an average 
total milk C18:1 concentration of 26.6 ± 5.39 g/100 g 
of fat. The cows had an average DMI of 14.8 ± 2.60 
kg during the period 7 to 3 d before calving. During 
lactation the average daily DMI was 20.6 ± 3.91 kg. 
The cows had an average BCS of 3.4 ± 0.24 during 
the last 3 wk before calving. There were 14 cows in the 
dataset, which were considered as clinically diseased in 
the mixed model analysis. There were 5 cases (multiple 
cases per cow are possible) of hypocalcemia (1 of the 
cows with hypocalcemia also had a not classified dis-
ease), 4 cases of ketosis, 4 of displaced abomasum, 3 
with mastitis, and 1 with uterine disorder. There was 
also 1 cow that had a cesarean section; due to the pos-
sible influence on the first postpartum days, this cow 
was also classified as diseased. Furthermore, there was 
1 cow with retained placenta for more than 5 d and 1 
cow with trauma. The mean ± standard deviation of 
the first occurrence of the disease cases was 4.5 ± 7.0 
DIM.

Modeling Metabolic Blood Variables Using On-Farm 
and Milk Variables: Overall Comparison

Linear mixed effect models were constructed to 
assess BHB (mmol/L), NEFA (mmol/L), glucose 
(mmol/L), IGF-1 (ng/mL), insulin (ng/mL), and 
fructosamine (µmol/L) using milk variables and on-
farm data. Model coefficients of the milk and on-farm 
models are reported in Supplemental Figures S1 and 
S2 (https://doi.org/10.6084/m9.figshare.22730858.
v2; Heirbaut et al., 2023b).

Milk models had higher R2 compared with the on-
farm models (Figure 2A), except for IGF-1 and fruc-
tosamine. The highest model R2 values were found 
for BHB, glucose, and NEFA. For these variables the 
milk models had a marginal R2 of 0.508, 0.427, and 
0.303, respectively, versus 0.468, 0.358, and 0.225 for 
the on-farm models. The fixed effects of the milk model 
explained 25.5% of the variance in the insulin concen-
tration, whereas the on-farm model explained 22.4%. 
IGF-1 and fructosamine had lower model R2 values. In 
total, only 8.6 and 6.4% of the variation in IGF-1 and 
fructosamine concentration could be explained by the 
fixed effects of the milk model, whereas the fixed ef-
fects of the on-farm model explained 19.2 and 15.5% of 
the variance in IGF-1 and fructosamine concentration, 
respectively.

The following parts of the results will focus on the 
importance of the individual variables in the milk and 
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on-farm models, first studying the raw metabolic blood 
variables and second the residuals of milk and on-farm 
models. Figure 3 reports the partial R2 of the individual 
variables, and Figures 4 and 5 summarize the results of 
the sPLS in a variable plot and heatmap, respectively. 
Component 1 of the sPLS explained 16.2% and 21.4% 
of the variation in (1) the combined milk and on-farm 
dataset, and (2) the blood variables dataset, respec-
tively. Component 2 explained 11.6% and 16.3% of the 
variation.

Modeling Metabolic Blood Variables: Description  
of Individual Variables in the Milk-Based Models

The significant milk variables (fixed effect, interac-
tion, or both) in the different raw metabolic blood 
variable models are presented as full bars in Figure 3A. 
Green bars refer to a positive association and red to a 
negative association. In brief, all milk variables (C18:1, 
BHB, fat/protein ratio, urea, lactose, and logSCC) 
were related to one or multiple blood outcomes.

Heirbaut et al.: MILK VARIABLES AND ON-FARM DATA DURING TRANSITION

Figure 2. Marginal (A), conditional R2 (B) values, and root mean squared error (RMSE) based on centered and scaled variables for the mar-
ginal (C) and conditional models (D) studying the associations between milk variables (determined by mid-infrared, except SCC), on-farm data 
(BCS, activity, and DMI), and milk and on-farm data combined (Full) in relation to metabolic blood variables BHB (mmol/L), nonesterified 
fatty acids (NEFA; mmol/L), glucose (mmol/L), insulin (ng/mL), IGF-1 (ng/mL), and fructosamine (µmol/L). (E) and (F) are the marginal 
and conditional R2 of the mixed effect models using on-farm data predicting milk model residuals and using milk data predicting on-farm-model 
residuals of the blood variables. The BHB, NEFA, IGF-1, insulin, and fructosamine were log10 transformed. All numerically dependent and 
independent variables were centered and scaled before being entered into the model. Blood samples were collected on d 3, 6, 9, and 21 during 
lactation, whereas daily milk samples were obtained from d 3 to 23. Body condition scores were determined using a DeLaval BCS camera, and 
walking activity was monitored using IceTag3D motion sensors from IceRobotics.
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Figure 3. Partial R2 values with 95% confidence limits of variables in the models studying the associations between (A) milk variables 
(determined by mid-infrared, except SCC) and (B) on-farm data (BCS, activity, and DMI) in relation to concentrations of metabolic blood 
variables BHB (mmol/L), nonesterified fatty acids (NEFA; mmol/L), glucose (mmol/L), insulin (ng/mL), IGF-1 (ng/mL), and fructosamine 
(µmol/L; presented by full lines), as well as in relation to the on-farm model residuals and milk model residuals of the different blood variables 
(presented by the dotted lines). Green and red lines refer to variables with a significant positive and negative estimate (P < 0.05), respectively. 
Lines in black refer to nonsignificant (P > 0.05) variables in the model. Blood samples were collected on d 3, 6, 9, and 21 during lactation, 
whereas daily milk samples were obtained from d 3 to 23. Body condition scores were determined using a DeLaval BCS camera, and walking 
activity was monitored using IceTag3D motion sensors from IceRobotics. Slope DMI [D], RMSE DMI [D], and intercept DMI [D] refer to the 
slope, root mean squared error (RMSE), and intercept of a linear mixed effect model studying the DMI during the last week before calving (d 
−7 to −3) in function of DIM, with a random slope and intercept for each lactation. Variables denoted with [L] and [D] refer to the lactation 
and dry period, respectively. For visual purposes, only variables with at least one P-value < 0.05 are displayed. The BHB, NEFA, IGF-1, insulin, 
and fructosamine were log10 transformed. All numerically dependent and independent variables were centered and scaled before being entered 
into the model.



Journal of Dairy Science Vol. 107 No. 1, 2024

484

C18:1. C18:1 was a common significant variable 
in the milk models of all the blood variables, except 
fructosamine (P = 0.07). Among all milk variables in 
the models, C18:1 had the highest partial R2, except 
for the glucose model (Figure 3A). The direction of 
the association between C18:1 and the different blood 
variables can also be derived from Figures 4 and 5. 
Figure 4 shows the positive loading of milk C18:1 as 
well as blood BHB and NEFA according to the first 
sPLS component. Milk C18:1 was negatively associated 
with glucose, IGF-1, and insulin (Figures 4 and 5).

In contrast to the overall significant (BHB, NEFA, 
IGF-1, and insulin: P < 0.001; glucose: P = 0.002) 
main effects observed for milk C18:1 and the various 
blood variables (excluding fructosamine: P = 0.074), 
the associations of milk BHB, lactose, urea, fat/protein 
ratio, and log SCC with the studied blood variables 
exhibited greater heterogeneity. Moreover, the direction 
of these associations frequently relied on interactions 
with DIM, parity, or disease state. Interactions with 
DIM sometimes resulted in neutralization of the main 
effect, which was tested with linear hypothesis tests. 
Some in-depth interpretation of these interactions is 

given below. Furthermore, partial R2 of these milk vari-
ables were smaller than of milk C18:1, except for milk 
BHB, which was the milk variable showing the highest 
partial R2 in the blood glucose model.

Fat/Protein Ratio. Similar to milk C18:1, the fat/
protein ratio, either in or not in interaction with other 
variables, was significant in all the models except for 
the fructosamine model (Figure 3A). A higher fat/
protein ratio was positively associated with the NEFA 
and IGF-1 concentrations (P = 0.019 and P = 0.005, 
respectively). In case of a clinical disease, a positive 
association with BHB (P = 0.009) and a negative asso-
ciation with glucose was found (P = 0.04). A negative 
interaction of the fat/protein ratio with parity >3 was 
observed in the glucose model (P < 0.001). For insulin, 
a negative main effect was observed (P = 0.005), but 
this was alleviated by positive interactions at d 6, 9, 
and 21 (Supplemental Figure S1).

Milk BHB. Milk BHB was negatively associated 
with the blood glucose concentration (P < 0.001) and 
had the highest partial R2 in this model (0.059; Figure 
3A). In the models studying IGF-1, insulin, and fruc-
tosamine, milk BHB was not retained during model se-
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Figure 4. Variable plot of sparse partial least squares (sPLS) regression relating (1) blood variables (BHB, NEFA, glucose, insulin, IGF-1, 
and fructosamine; raw blood variables indicated in red) and (2) milk variables (determined by mid-infrared, except SCC; indicated in dark 
blue) and on-farm variables (variables related to the BCS, activity, and DMI; indicated in dark green). In addition to the concentrations of the 
different blood variables, 2 sets of Pearson marginal model residuals were also included in the sPLS, that is, residuals from the mixed models 
studying the blood variables (1) in function of milk variables (i.e., milk-model; indicated in light blue) and (2) in function of on-farm variables 
(i.e., on-farm model; indicated in light green). Blood samples were collected on d 3, 6, 9, and 21 during lactation, whereas daily milk samples 
were obtained from d 3 to 23. Body condition scores were determined using a DeLaval BCS camera, and walking activity was monitored using 
IceTag3D motion sensors from IceRobotics. The plot shows the 2 sPLS components (latent variables) and the loading vectors for each variable. 
F/P is the fat/protein ratio. LB, L, and S are the number of lying bouts, lying time, and the number of steps during lactation ([L]) or dry pe-
riod ([D]]. BCS [D] is the BCS during dry period. DMI [L] is the dry matter intake during lactation and bDMI [D], aDMI [D], and RMSE DMI 
[D] refer to the intercept, slope, and root mean squared error (RMSE) of a linear mixed effect model studying the DMI during the last week 
before calving (d −7 to −3) in function of DIM, with a random slope and intercept for each lactation. Blood BHB, NEFA, IGF-1, insulin, and 
fructosamine were log10 transformed. All numerically dependent and independent variables were centered and scaled before being entered into 
the model.
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lection. For blood BHB, positive estimates were found 
for the interaction between DIM (6, 9, and 21) and 
milk BHB (Figure 3A; P = 0.02, P < 0.001, and P < 
0.001, respectively). These positive interactions had the 
highest magnitude at d 9 and 21 (Supplemental Figure 
S1). The significant main effect of milk BHB on blood 
BHB, however, was negative (P = 0.04). The linear hy-
pothesis test showed the net effect of the negative main 

effect in combination with these positive interactions 
was different from 0 at d 9 and 21 (P < 0.001). Hence, 
at d 9 and 21, milk BHB was positively associated with 
blood BHB. This effect was more pronounced for parity 
>3 (P = 0.04). For blood NEFA a positive main effect 
was observed (P = 0.02) and negative interactions at d 
6 (P = 0.006), 9 (P = 0.046), and 21 (P = 0.04; Figure 
3A), which neutralized the positive main effect. The net 
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Figure 5. Clustered heatmap of sparse partial least squares (sPLS) regression relating the blood variables (BHB, NEFA, glucose, insulin, 
IGF-1, and fructosamine) and milk variables (determined by mid-infrared, except SCC; blue bars) and on-farm variables (BCS, activity, and 
DMI; green bars). Blood samples were collected on d 3, 6, 9, and 21 during lactation, whereas daily milk samples were obtained from d 3 to 
23. Body condition scores were determined using a DeLaval BCS camera, and walking activity was monitored using IceTag3D motion sensors 
from IceRobotics. The plot represents the correlation structure extracted from (1) the dataset with blood variables and (2) the dataset with 
milk and on-farm variables. The correlation of each original variable pair is determined by each of their correlation with the components from 
the sPLS. F/P is the fat/protein ratio. R_ refers to model residuals for the blood variables BHB, NEFA, glucose (R_G), insulin (R_I), IGF-1 
(R_IG) or fructosamine (R_F) from the milk model (_M) or the on-farm model (_OF). LB, L, and S are the number of lying bouts, lying time, 
and the number of steps during lactation ([L]) or dry period ([dry]). BCS [D] is the BCS during dry period. DMI [L] is the dry matter intake 
during lactation, and bDMI [D], aDMI [D], and RMSE DMI [D] refer to the intercept, slope, and root mean squared error (RMSE) of a linear 
mixed effect model studying the DMI during the last week before calving (d −7 to −3) in function of DIM, with a random slope and intercept 
for each lactation. BHB_M is the BHB concentration in the milk. The BHB, NEFA, IGF-1, insulin, and fructosamine were log10 transformed. 
All numerically dependent and independent variables were centered and scaled before being entered into the model.
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effect of the main effect and these interactions was not 
different from 0 (P = 0.48, 0.31, and 0.48, respectively).

Lactose. The main effect of lactose had the third 
highest partial R2 value in the glucose model (0.034; 
Figure 3A). High milk lactose concentrations were as-
sociated with higher blood glucose concentrations (P = 
0.002). The same was observed for insulin (P = 0.03). 
The lactose concentration had a negative estimate in 
the NEFA models (P = 0.002), although this effect was 
neutralized at d 6, 9, and 21 through the positive in-
teraction terms (P = 0.006, P = 0.010, and P = 0.007, 
respectively), since linear hypothesis test showed the 
net effect of these interactions was not different from 
0. In the case of a clinical disease status, lactose was 
negatively associated with the blood BHB concentra-
tion (P < 0.001).

SCC. The log SCC had a positive main effect on 
glucose (P = 0.003); however, at d 6, 9, and 21 this 
was alleviated by negative interactions (P = 0.15, 0.07, 
and 0.02, respectively; Supplemental Figure S1). Also, 
a positive main association was found for insulin (P = 
0.006).

Modeling Metabolic Blood Variables: Description  
of Individual Variables in the On-Farm Models

The significant on-farm variables in the raw meta-
bolic blood models are presented as full bars in Figure 
3B. As in the milk models, green bars refer to a positive 
association and red to a negative association. In brief, 
less uniformity in the significance of the different on-
farm variables over the different blood variables was 
found compared with the milk models.

BCS [D]. The average BCS [D] during the last 3 wk 
before calving was significant (as fixed effect or inter-
action) in all the models, except for the fructosamine 
model, where it was not retained during model selec-
tion. The BCS [D] was positively associated with the 
blood BHB and NEFA concentrations (P < 0.001 and 
P = 0.03, respectively) and had the highest partial R2 
in the model (BHB: 0.088 for the main effect and 0.103 
for the interaction with health status; NEFA: 0.028 for 
the main effect; Figure 3B).

DMI During Lactation and the Dry Period. 
Dry matter intake during lactation was significant in all 
models (as main effect or in the interaction terms; P < 
0.05), except in the BHB (tended to be negatively as-
sociated, P = 0.08) and IGF-1 model (not retained dur-
ing model selection; Figure 3B). However, in the blood 
IGF-1 model, the intercept of DMI during the last week 
before calving was positively associated with the IGF-1 
concentration (P = 0.002) and had the highest partial 
R2 (0.093; Figure 3B). The negative coefficients of DMI 
during lactation for blood NEFA were not significant 

(P = 0.20), but a negative interaction with parity >3 
was observed (P = 0.03; Supplemental Figure S2). Dry 
matter intake during lactation was also positively as-
sociated with the insulin concentration (P = 0.018). 
The slope of DMI (during the dry period) tended to 
be negatively associated with the IGF-1 concentration  
(P = 0.081) and it had the third highest partial R2 
(0.029; Figure 3B).

Interactions With DIM and Disease. Further, 
various associations between blood and on-farm vari-
ables showed an interactive effect with DIM, parity, or 
disease state. The net effect often depended on DIM, 
which is important because this sometimes resulted 
in neutralization or counteraction of the main effect, 
depending on the DIM. Some in depth interpretation 
of these interactions is given below. In general, health 
status often interacted with different on-farm variables. 
The positive association between BCS [D] and blood 
BHB concentration (P < 0.001) was amplified in case 
of clinical disease (P < 0.001). Moreover negative asso-
ciations between the BCS [D] and the glucose, insulin, 
and IGF-1 concentrations were only observed in case 
of the occurrence of a clinical disease in early lactation  
(P = 0.003, P = 0.013, and P = 0.02, respectively).

Number of Steps. Elevated number of steps dur-
ing lactation was positively associated with the glucose 
concentration (P = 0.011; Figure 3B). The number of 
steps at d 9 was negatively associated with the BHB 
concentration at d 9 (P = 0.02). Increased number of 
steps in combination with parity >3 or disease was as-
sociated with lower blood BHB concentration (P = 0.03 
and P < 0.001, respectively). Increased number of steps 
during the dry period was associated with increased 
blood BHB concentrations (P = 0.006). For glucose, a 
negative association was found between blood BHB and 
the number of steps during the dry period (P = 0.011).

Lying Time. Lying time during lactation had the 
highest partial R2 in the model studying glucose (0.076; 
Figure 3B). Higher lying time at d 3 was associated 
with higher glucose concentrations (P < 0.001), where-
as at d 6, 9 and 21 this was alleviated by the negative 
interaction (net effect of main and interaction terms 
did not differ from 0; P = 0.66, P = 0.79, and P = 
0.099, respectively).

DMI. For glucose the effect depended on DIM; at 
d 9 a positive interaction was observed (P = 0.008; 
Figure 3B), which neutralized the tendency for a nega-
tive main effect (P = 0.057; Supplemental Figure S2).

Modeling Residual Variation in Metabolic Blood 
Variables Using On-Farm and Milk Variables

General Supplementary and Substitutive As-
pects of On-Farm and Milk Models. To assess 
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whether milk variables and on-farm data could account 
for unexplained variance in the milk and on-farm mod-
els, Pearson marginal model residuals were extracted 
and modeled in function of on-farm and milk variables, 
respectively. Model coefficients of the on-farm and milk 
model are reported in Supplemental Figures S3 and 
S4 (https://doi.org/10.6084/m9.figshare.22730858.v2; 
Heirbaut et al., 2023b). In addition to modeling the 
residuals, a full model was also constructed combining 
the milk and on-farm variables in one model (Figure 
2). Combining the milk variables and on-farm data 
resulted in higher R2 values, in particular for BHB, 
glucose, and IGF-1, but the blood variables kept the 
same order of R2 values as the on-farm model (Figure 
2A), except IGF-1 and fructosamine. A marginal R2 
of 0.606 was observed for BHB, followed by glucose 
(0.566), NEFA (0.327), insulin (0.312), fructosamine 
(0.228), and IGF-1 (0.216).

Milk C18:1 Versus On-Farm Variables. The 
variable plot of the sPLS (Figure 4) shows the or-
thogonal position of milk C18:1 with respect to lying 
time during lactation, as well as during the dry period. 
In line with this, milk C18:1 remained significant in 
the models relating blood NEFA, IGF-1, and insulin 
residuals of the on-farm models (independent vari-
ables) to milk variables (dependent variables; Figure 
3A; Supplemental Figure S3). However, the partial R2 
values of milk C18:1 always decreased compared with 
the milk models with raw blood data as dependent 
variables. Further comparison of full and dotted lines 
in Figure 3A revealed that milk variables which showed 
significant associations with the raw blood variables in 
most cases remained significantly associated with their 
residuals of the on-farm models.

BCS and DMI During the Lactation Versus 
Milk Variables. In the on-farm models studying the 
raw blood variables, BCS [D] and DMI (during lacta-
tion, as well as the dry period) were generally consid-
ered relatively important variables. In contrast, their 
role fluctuated more in the residual on-farm models. 
The BCS [D] remained the variable with the highest 
partial R2 relating BHB residuals of the milk model 
(independent variables) to on-farm variables (depen-
dent variables; BCS [D] × parity >3: partial R2 0.038; 
Figure 3B; Supplemental Figure S4). However, whereas 
it was the most important variable when studying the 
raw NEFA values, it was not retained anymore in the 
model with NEFA residuals as dependent variable. 
With a partial R2 of 0.019 for DMI × parity 3, the 
importance of DMI during lactation remained quite 
similar in the model studying the residuals of glucose 
concentration as compared with the original on-farm 
model. However, DMI during lactation was no longer 
retained in the models targeting the residuals of blood 

NEFA and insulin (Figure 3B; Supplemental Figure 
S4). On the other hand, the interaction DMI × parity 
>3 was positively associated with the residuals of blood 
BHB (P = 0.012), whereas in case of the raw blood 
BHB it was not retained.

DMI During the Dry Period Versus Milk Vari-
ables. The intercept of DMI during the dry period 
remained positively associated in the model describing 
IGF-1 residuals (P = 0.044; Figure 3B; Supplemental 
Figure S4). This is in line with the fact that C18:1 is 
the most important milk variable in relation to IGF-1 
(P < 0.001; Figure 3A) and the independence of C18:1 
and DMI during the dry period based on the partial 
orthogonal position in Figure 4. As such the intercept 
of DMI during the dry period had the second highest 
partial R2 in the model targeting IGF-1 residuals (Fig-
ure 3B; Supplemental Figure S4).

Some exceptions of on-farm variables that became 
significant in the models studying the milk model 
residuals, although not significant in the models of 
the raw blood variables, are discussed below. Differ-
ent DMI-related variables from the dry period became 
significantly associated with the glucose residuals from 
the milk model. For instance, the interaction of the 
slope of DMI during the dry period and parity 3 and 
>3 became positively associated with the blood re-
sidual glucose concentration (P = 0.002 and P = 0.03, 
respectively) and the interaction RMSE DMI during 
dry period × parity >3 negatively (P = 0.002), whereas 
before they were not associated (not selected during 
model selection).

DISCUSSION

The objective of this research was to (1) identify 
associations between metabolic blood variables, milk 
variables, and various on-farm sensor data and (2) 
study their supplementary or substitutive potential for 
explaining variation in various metabolic blood vari-
ables. It was hypothesized that the combination of both 
data sources would be a better proxy for assessing the 
concentrations of the metabolic blood variables than 
the single data sources. In the present discussion, first 
the general performance of the milk and on-farm models 
will be discussed, then the most contributing individual 
variables in the milk and on-farm models will be ex-
amined and finally the results from the supplementary 
and substitutive potential of these data sources will be 
interpreted.

General Situation of Milk and On-Farm Models

In the literature, milk variables have been extensively 
used for (predictive) classification or regression of blood 
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BHB and NEFA concentrations (van der Drift et al., 
2012; Dórea et al., 2017; Aernouts et al., 2020), whereas 
associations with other blood variables and on-farm 
data remain rather unexplored. In our study, milk-
based models assessing blood BHB, NEFA, and glucose 
obtained the highest R2 values. The combination of the 
fixed effects of the milk and the on-farm variables ex-
plained 60.6, 56.6, and 32.7% of the variation in BHB, 
glucose, and NEFA concentration, respectively. In addi-
tion, associations with fructosamine and the hormones 
insulin and IGF-1 were found. This diversity of associa-
tions with the multiple metabolic blood variables is not 
surprising, since these metabolic blood variables are all 
physiologically involved in the regulation of homeosta-
sis and homeorhesis during early lactation. Although 
the R2 values are still moderate, the overall model out-
come for BHB is roughly in line with literature results. 
Bonfatti et al. (2019) found a calibration R2 of 0.56 and 
a validation R2 of 0.50 when predicting BHB using milk 
infrared spectra. However, the milk model R2 value of 
NEFA was rather low (0.322) compared with litera-
ture. Aernouts et al. (2020) found an R2 value of 0.502 
when associating blood NEFA to milk MIR spectra. 
The lower R2 value of the milk model in our research 
could be attributed to (1) the scope of our study (i.e., 
associative modeling, rather than predictive modeling); 
(2) the more limited number of variables included in 
our models compared with the inclusion of the full milk 
spectra; and (3) focus on the lactation start (DIM 3, 
6, and 9 represented about 75% of the data). To our 
knowledge, no single other study has put this much 
emphasis on the early lactation, which is crucial for 
diagnosis in practice, but can also impair the model 
performance. For instance, removing data from d 3 and 
6 from our analysis and refitting the models, powerfully 
increased the marginal R2 of the milk model for BHB 
from 0.508 to 0.605 and a lower but still important 
increase from 0.303 to 0.350 for NEFA. Additionally, 
sampling time also could have contributed to this result 
as Mäntysaari et al. (2019) and Aernouts et al. (2020) 
reported lower model performance when using morning 
milk samples (as done in our study) compared with 
evening milk to predict blood NEFA. Indeed, as shown 
in the study of Seely et al. (2021), there exist important 
diurnal variations in BHB and NEFA concentrations. It 
is important to note that the time of sampling in rela-
tion to the diurnal dynamics may influence the strength 
of the association. For instance in the study of Seely 
et al. (2021) NEFA peaks were observed 2 h before 
morning feeding, whereas BHB peaks were observed 4 
h after morning feeding. Moreover, and in line with the 
studies of Mäntysaari et al. (2019) and Aernouts et al. 
(2020), Seely et al. (2022) showed that the morning 
milk sampling may result in underestimation of the as-

sociation because the lowest relative concentration of 
preformed fatty acids was observed at 0600 h and the 
highest at 1400 h. In the current study we have chosen 
to be consistent regarding the time of milk and blood 
sampling relative to feeding to avoid any undesirable 
variation. Although not the focus of this study, taking 
into account specific variable related diurnal optimal 
sampling times might improve the absolute strength of 
the association in future.

Metabolic Status and the Individual Milk  
Model-Based Variables

Milk C18:1 was an important variable associated 
with all blood variables, which corroborates with the 
predominant contribution of C18:1 cis-9 to the blood 
NEFA composition during body mobilization (Hostens 
et al., 2012). Accordingly, milk C18:1 cis-9 generally is 
considered an important biomarker of body reserves’ 
mobilization (Jorjong et al., 2014). Furthermore, when 
the blood NEFA concentration is higher than the oxi-
dative capacity of the liver, NEFA are incompletely oxi-
dized to ketone bodies (BHB, acetone, acetoacetate) or 
NEFA can be re-esterified into triglycerides within the 
liver, which are then stored in lipid droplets or trans-
ported out of the liver for energy utilization or storage 
in adipose tissue. (LeBlanc, 2010). This is also in line 
with the research of Jorjong et al. (2015) showing via a 
logistic regression model the milk C18:1 cis-9-to-C15:0 
ratio as the most important variable to diagnose hy-
perketonemia (BHB >1.20 mmol/L). In this study 70% 
of cows with hyperketonemia had C18:1 cis-9-to-C15:0 
ratios exceeding 40, whereas 90% of nonhyperketone-
mia cases had a C18:1 cis-9-to-C15:0 ratio below this 
threshold. Finally, milk C18:1 was negatively associ-
ated with the blood IGF-1 and insulin concentration. 
Low IGF-1 can be used as a biomarker for negative 
energy balance (Wathes et al., 2007), whereas insulin 
inhibits lipolysis and decreases NEFA concentration 
(Butler et al., 2003). On the other hand, the incomplete 
oxidation of these NEFA, as measured by milk BHB, 
was not associated with blood insulin concentrations. 
In line with this, Zarrin et al. (2017) did not find any 
postpartum associations between BHB and insulin. 
Milk BHB has been studied extensively as biomarker to 
detect elevated blood BHB concentrations (Tatone et 
al., 2017; Renaud et al., 2019), which was reflected in 
the positive associations between milk and blood BHB 
at d 9 and 21. Milk BHB also was significantly associ-
ated with the blood glucose concentration. In addition 
to an indirect association, Zarrin et al. (2017) showed 
that BHB infusion in blood decreased the plasma glu-
cose concentration during early lactation. Moreover 
one-third of hyperketonemic cows are simultaneously 
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hypoglycemic (Dubuc and Buczinski, 2018). Hence 
monitoring ketone bodies in milk can give information 
on the blood glucose status.

The glucose concentration was positively associated 
with the lactose content. Indeed, glucose is known as 
the precursor of lactose and induces the cell growth in 
dairy cow mammary cells (Lin et al., 2016). Given its 
relation with energy balance (Ouweltjes et al., 2007), 
milk lactose has been suggested as a biomarker for ke-
tosis (Costa et al., 2019; Yang et al., 2019). In line with 
this, the lactose concentration was negatively associated 
with blood BHB concentration in case of disease and 
negatively associated with NEFA at d 3 in lactation.

Metabolic Status and the Individual On-Farm  
Model-Based Variables

Dry matter intake and BCS [D] have already been 
widely studied in relation to different metabolic blood 
variables. In line with our results, different studies have 
shown a negative association between (1) NEFA and 
DMI (Piantoni et al., 2015), and (2) hyperketonemia 
and DMI (González et al., 2008; Goldhawk et al., 2009; 
Yang et al., 2019). In our study DMI did not show a 
significant association with blood BHB, only a tendency 
was observed (P = 0.083), which might be due to the 
model correction for clinical disease events in our study. 
Monitoring the BCS [D] explained a relatively high 
proportion of the variation in postpartum BHB and 
NEFA concentrations. In line with our results, Pires et 
al. (2013) and Gillund et al. (2001) have shown that 
high BCS [D] at calving was associated with increased 
hyperketonemia risk postpartum, but no differences in 
glucose and insulin concentrations were found (Pires 
et al., 2013). In general high BCS before calving is as-
sociated with a condition of increased catabolic state 
postpartum, a negative association with IGF-1 would 
be expected. However, as opposed to BHB, the IGF-1 
concentration was only negatively associated with the 
BCS [D] in case of disease (P = 0.02). Meikle et al. 
(2004) showed that high BCS was not significantly as-
sociated with the IGF-1 concentration postpartum, but 
the decay in IGF-1 concentration from prepartum until 
after calving was higher for cows with high BCS. In line 
with this, Wathes et al. (2007) found a positive associa-
tion between IGF-1 and BCS both measured at wk 2 
and 4 of lactation, which would be attributed to the 
fact that cows with better energy status—and hence 
less mobilization of body reserves—have a higher IGF-1 
status. Indeed, the low insulin status during negative 
energy balance is assumed to be responsible for the 
downregulation of the liver growth hormone receptor 
1A resulting in less stimulation by growth hormone on 
the liver IGF-1 production (Butler et al., 2003).

The direction of the association between activity 
and the blood BHB and glucose concentration often 
depended on the DIM. At d 9, a negative interaction 
effect was observed between the BHB concentration 
and the number of steps (P = 0.02). Edwards and 
Tozer (2004) showed that walking activity is generally 
lower in sick cows. In line with this, Najm et al. (2020) 
found a lower activity for cows suffering from hyperke-
tonemia. On the other hand, it should be noted that 
the lactation stage is also important. In our research, 
no uniform association was found, but rather some 
fluctuation over the DIM (interaction effects). For in-
stance, lying time had a positive main estimate for the 
glucose concentration (P < 0.001); however, significant 
negative interaction effects with decreasing magnitude 
over the period d 6 to 21 were found, alleviating this 
positive effect. In our study the metabolic status was 
only monitored until d 21, but van Hoeij et al. (2019) 
found an increased lying time for cows with a better 
metabolic status in wk 4 of lactation. The pathways of 
these associations are largely unknown and should be 
further investigated. Kaufman et al. (2016) suggested 
that the reduced activity in cows with hyperketonemia 
might be a result of an energy saving mechanism. Itle 
et al. (2015) hypothesized a lower hierarchical position 
of these animals and consequently longer waiting times 
at the feed bunk were at the (causal) origin of these dif-
ferences in activity levels. Significant effects of activity 
were indeed often accompanied by effects of feed intake 
in our study. To assess the association between activity 
and DMI, an additional mixed effect model was con-
structed studying the postpartum DMI in function of 
the activity variables (average DX−1 to DX+1, following 
the same methodology as described in Materials and 
Methods). The model had an R2 of 0.47, with a partial 
R2 of 0.31 and 0.23 for factors DIM 21 and clinical 
disease, respectively. The number of steps and lying 
time tended to positively associated (P = 0.06 and P = 
0.07, respectively) with the DMI, which could be in line 
with the theory that cows with lower DMI are the cows 
which have to wait longer time at the feeding bunk 
(lower number of steps and lower lying time).

Interestingly differences in activity were already 
noticeable during the dry period. Increased number 
of lying bouts during the dry period × parity 3 was 
associated with increased glucose and insulin concen-
trations (P = 0.014 and P = 0.004, respectively). In 
contrast, the number of steps during the dry period 
was positively associated with blood BHB and NEFA 
and negatively with glucose concentrations (P = 0.006, 
P = 0.039, and P = 0.011, respectively). This seems to 
imply that high activity during the dry period is as-
sociated with impaired metabolic health status. How-
ever, as opposed to postpartum behavior, conflicting 
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results are reported in literature. Rodriguez-Jimenez 
et al. (2018) found reduced standing time during the 
prepartum period for cows with postpartum subclinical 
hyperketonemia. In contrast, Itle et al. (2015) found a 
reduced lying time for cows with clinical hyperketone-
mia during the week before calving, whereas Kaufman 
et al. (2016) did not find any prepartum differences in 
lying time, lying bout length, and lying bout frequency. 
However, reduced lying time during the postpartum 
period was observed for hyperketonemia in the study 
of Kaufman et al. (2016). These results, contradictory 
at first, actually emphasize the complexity of activity 
as an early warning tool. Interanimal differences in 
activity suggest that considering individual-specific 
normal and healthy behaviors may offer more compre-
hensive insights into the (deviations of) health status 
rather than solely modeling at group level (Wagner et 
al., 2020). In our study the lower marginal R2 values 
compared with the high conditional R2 values, that 
account the animal-specific random intercept, seem to 
support this. Factors further complicating the activ-
ity–health status interaction include time to occur-
rence of the disease event and type of (multifactorial) 
disease. For instance, Edwards and Tozer (2004) found 
higher walking activity in cows with hyperketonemia 
compared with healthy animals, 8 d before the diag-
nosis of hyperketonemia. Hence, for cows diagnosed 
during wk 1 of lactation, this could also affect the 
activity during the dry period. It should also be noted 
that in our study, diseased versus nondiseased cows 
were considered, and further differentiation in type 
of disease was not made. This an important source of 
unknown variation because, depending on the type of 
disease, the activity levels can be influenced positively 
or negatively. For instance, activity is lower in cows 
diagnosed with metritis (Liboreiro et al., 2015; Stan-
gaferro et al., 2016). However, in case of hypocalcemia 
the increased lying time postpartum is preceded by a 
reduced lying time 24 h before calving (Jawor et al., 
2012). Moreover, it should also be noted that the num-
ber of lying bouts in our study is rather approached as 
a “restless indicator” as opposed to the real physical 
number of lying bouts. Indeed, Kok et al. (2015) have 
shown that the converting algorithm for IceTags data 
generates false positive lying bouts due to horizontal 
leg movements, which drastically increases the num-
ber of lying bouts reported. As such the “number of 
lying bouts” can be much higher in the period around 
calving. Applying time filter criteria can help to im-
prove the accuracy of the lying behavior monitoring, 
but could have the danger of filtering restless lying 
behavior related to (sub)optimal conditions.

Supplementary and Substitutive Aspects of On-Farm 
and Milk Variables

Combining milk and on-farm data consistently 
increased the marginal R2 values, although with dif-
ferent magnitudes. Interestingly, compared with the 
milk model, on-farm data were considerably better 
in describing the IGF-1 concentration and powerfully 
increased the marginal R2 value. Figure 4 shows the 
orthogonal position of (1) milk C18:1 and the fat/pro-
tein ratio versus (2) the intercept of DMI during the 
dry period, which suggests (partial) independence of 
information. Indeed, the intercept of DMI during the 
dry period remained significant when the IGF-1 residu-
als from the milk model were studied (P = 0.044), and 
milk C18:1 and the fat-to-protein ratio remained sig-
nificant when the on-farm IGF-1 residuals were studied 
(P < 0.001 and P = 0.003, respectively). Based on our 
results, on-farm data can give more information about 
the IGF-1 status compared with milk data, which is re-
markable because the significant on-farm variables are 
mainly related to the period before calving. As such, 
the period before calving gave more information than 
the milk biomarkers assessed during early lactation. 
This could suggest a link between IGF-1 and the energy 
intake before calving. Lower IGF-1 concentrations limit 
its negative feedback on the growth hormone produc-
tion in the pituitary gland and consequently lipolysis 
is stimulated. In line with this, in humans, IGF-1 also 
has been considered as a biomarker for malnutrition 
and energy shortage (Caregaro et al., 2001). Piechotta 
et al. (2015) found that cows suffering from clinical ke-
tosis had lower prepartum IGF-1 concentrations. They 
hypothesized that the increased GH production and 
lipolysis during the end of the pregnancy increases the 
risk for ketosis. Additionally, Wathes et al. (2021) also 
showed that low IGF-1 concentration is associated with 
lower DMI. Although not studied in cattle, Hawkes and 
Grimberg (2015) discussed that a reduced leptin con-
centration and consequently increased hypothalamic 
production of neuropeptide Y (NPY) may affect the 
GH/IGF-1 axis by reducing the pituitary GH secretion. 
In literature impaired DMI before calving has been ex-
tensively associated with hyperketonemia. For instance, 
Goldhawk et al. (2009) found that a 1-kg decrease in 
DMI during the last week before calving increased the 
risk of subclinical hyperketonemia by a factor of 2.2. 
Despite the unquestionable biological importance of 
DMI before calving in relation to the health status, our 
results do not suggest a direct association between DMI 
during the dry period and increased blood BHB and 
NEFA concentrations in early lactation. In line with 
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this, Dann et al. (2005) studied the effect of energy 
restriction during the dry period and did not find any 
effect on serum BHB postpartum. Horst et al. (2021) 
argued that high BHB and NEFA are not indicators of 
metabolic imbalance, but could reflect a normal and 
biologically healthy state when not associated with a 
drop in pre- or postpartum DMI. As opposed to DMI 
before calving, the BCS [D] was quite well associated 
with the blood BHB and NEFA concentrations (P < 
0.001 and P = 0.029, respectively). Even taking into 
account that milk variables such as milk BHB (Ježek 
et al., 2017) and milk-infrared-estimated ketone bodies 
are well suited to predict BHB (Chandler et al., 2018), 
BCS [D] still succeeded to explain additional variation 
in blood BHB concentration (BCS [D] × parity >3; 
P = 0.018). Moreover, it should be noted that in our 
research a BCS camera has been used, which by some 
has been considered as inaccurate at determining the 
high and low BCS scores (Mullins et al., 2019). Nev-
ertheless, the BCS [D] still remained of importance to 
assess blood BHB concentrations.

Despite the high importance of lactose when study-
ing the glucose concentrations, lactose was not re-
tained during mode selection when describing on-farm 
glucose residuals. Hence, it seems that information 
about the animal’s glucogenic status provided by the 
lactose concentration also is reflected in sensor data. 
According to the sPLS, lactose was positioned in the 
proximity of DMI-related variables (both in lactation 
as well as the dry period). This could confirm the rela-
tion with the glucose status. In ruminants gluconeo-
genesis is crucial to produce glucose and is typically 
highest during and after conditions of high feed intake 
since at that time the highest production and absorp-
tion of propionate occurs (Aschenbach et al., 2010). 
It should be noted that the total variation explained 
by the milk model was still higher than the varia-
tion explained by the on-farm model. Nevertheless, 
combining the 2 different sets of variables in a single 
model notably increased R2. Furthermore, in relation 
to the on-farm glucose residuals, the fat/protein ratio 
remained important (parity >3 × fat/protein ratio: 
P = 0.003). According to Jenkins et al. (2015) the 
fat/protein ratio can be used as a screening indica-
tor of hyperketonemia, but not as final diagnostic 
criterion due its limitations regarding low sensitivity, 
specificity, or both (Duffield et al., 1997; Jenkins et 
al., 2015). The fat/protein ratio was indeed positioned 
in the proximity of blood BHB according to the first 
axis of the sPLS plot (Figure 4). Variables related to 
feeding were positioned opposite according to the first 
axis and additionally had a stronger negative score 
according to the second axis. As such, combining the 

fat/protein ratio and DMI variables could be valuable 
as a first warning indicator of metabolic status.

CONCLUSIONS

This study has shown that on-farm data combined 
with milk data can provide additional information 
concerning the metabolic health status of dairy cows. 
In general, milk biomarkers can be used to assess the 
metabolic status, but early stage predictions are still 
challenging and have not been systematically addressed 
in literature. According to this study, the inclusion of 
on-farm data could help to facilitate the diagnosis of the 
metabolic status of dairy cows postpartum. Moreover, 
several on-farm variables measured during the prepar-
tum period were linked to the postpartum metabolic 
status of the dairy cow. As such, these data could be 
of major interest to identify and select animals at risk 
of metabolic disruption at an early stage. These po-
tentially could then be monitored more strictly in the 
early period after calving (e.g., through milk variables). 
Hence, future predictive modeling research could ben-
efit from taking into account additional on-farm data.
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