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Introduction

Bovine mastitis is the most prevalent disease affecting dairy cows globally (Halasa et al., 2007;
Ruegg et al., 2017), despite control strategies being implemented since the 1960s (Nielsen and
Emanuelson, 2013). This disease is characterised by mammary gland inflammation and
elevated somatic cell count (SCC) in milk (International Dairy Federation, 2013), and has
significant negative effects on welfare and profitability through reduced milk quantity and
quality, reduced fertility, treatment costs, and eventual culling (Halasa et al., 2007). Therefore,
improving resilience to this disease is of crucial importance.

Disease resilience broadly refers to an animal’s capacity to cope with, remain unaffected by,
or maintain a reasonable level of productivity when challenged by an infection (Colditz and
Hine, 2016; Knap and Doeschl-Wilson, 2020). It is a latent trait commonly quantified using
individual

resilience indicators (RIs) derived from deviations from a hypothetical unperturbed
performance trajectory (Berghof et al., 2019; Friggens ef al., 2024). If heritable, these Rls can
be included in selection indices, thereby making genetic improvement possible (Berghof et al.,
2019).

Thus far, these RIs for dairy cows have been constructed mainly from longitudinal performance
data (Poppe et al., 2020; KeBler et al., 2024), thereby assessing general resilience, without
explicitly accounting for the nature and cause of the disturbances. However, to breed
specifically for mastitis resilience, it is necessary to develop mastitis-specific resilience
indicators rather than rely on general production-based ones.

As an initial step toward developing reliable mastitis Rls, this study used daily SCC and milk
yield records to identify and characterise perturbation periods for each trait, and subsequently
explored common perturbances.

Materials & Methods

Analyses were performed in R (version 4.4.1; R Core Team, 2024). Phenotypic data used in
this study were provided by the Swedish University of Agricultural Sciences (SLU) cattle
infrastructure, Gigacow (Klingstrom et al., 2022; Gigacow | slu.se). The raw dataset from farms
using automatic milking systems with online cell counters comprised 1,051,002 individual
milking events (i.e., records at each single milk visit) from 735 cows across 3 Swedish farms
collected between November 2019 and November 2024.

Individual milking events were converted to daily milk yield and SCC records for each cow.
SCC was normalised through log-transformation. Following data editing, the final dataset
consisted 0of 336,517 daily records from 638 dairy cows, from 3 farms, across up to 7 lactations.
Records for clinical or sub-clinical mastitis events were available, but were too few and not
informative.
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Modelling Unperturbed Trajectories. Daily milk yield and SCC records up to 305 days in
milk (DIM) were used to estimate the unperturbed trajectories for both traits at the individual
cow-lactation level. The unperturbed trajectory ideally represents the expected performance in
the absence of perturbations. Three statistical methods were used to estimate these trajectories.
These methods were chosen because they impose no predefined shape of the unperturbed
trajectories (Friggens et al., 2024), deriving them directly from the data, which is particularly
relevant for SCC.

Weighted spline (WS) interpolation was implemented following KeBler et al. (2024). The
splines were fitted using 4 degrees of freedom for milk yield and 3 for SCC, based on cross-
validation and visual inspection of the fitted trajectories. Weights were calculated using an
algorithm that counts how often an observation falls below (milk yield) or above (SCC) the
linear connection of 2 interval limits at intervals of 5 to 60 days from the observation day. This
approach assigned lower weights to observations corresponding to temporary milk reductions
or SCC spikes.

Quantile regression (QR; Koenker, 2005) was implemented using 4™-order polynomials
following the approach of Poppe et al. (2020). The 0.7 quantile was used for milk yield and the
0.3 quantile for SCC, minimising the impact of short-term declines in milk yield and spikes in
SCC on the predicted trajectories.

Iterative polynomial (IP) regression was implemented using the same 4"-order polynomial as
the QR method. This method involved repeatedly fitting the polynomial while progressively
removing large negative (for milk yield) and positive (for SCC) residuals, thus reducing the
influence of perturbed observations. The iterations continued until convergence in model fit
was achieved.

Perturbation detection and characterisation. For each unperturbed trajectory estimated
within each method, deviations (difference between observed and predicted values) were
computed. Perturbations were identified using a 7-day window. A window was classified as a
perturbation if it contained at least five observed records with no more than 2 missing records,
and all the deviations within the window were negative for milk yield or positive for SCC.
Additionally, at least two deviations within the window had to be ‘large’ (i.e., below the 10™
percentile for milk yield or above the 90™ percentile for SCC). The first and last 10 days of
lactation were excluded from perturbation detection.

Individuals’ milk yield and SCC deviation profiles were then analysed jointly to identify
individual response patterns. A milk yield perturbation was considered related to a SCC
perturbation if the SCC began before or on the same day as the milk yield perturbation and if
the onset of the milk yield perturbation occurred within 3 days after the end of the SCC
perturbation. The response types were classified as: (i) joint perturbations (SCC spike with
concurrent/subsequent milk yield drop), (i1) milk yield perturbation only with no associated
SCC perturbation, and (iii) SCC perturbations only without a corresponding milk yield drop.

Results & Discussion

An example of unperturbed trajectories for milk yield and SCC is shown in Fig. 1. Based on
visual inspection of the curves, all three methods effectively captured the overall lactation
patterns. QR and WS produced generally similar trajectories, with minor differences at the
beginning and end of the lactation curve. IP produced noticeably systematically different
unperturbed trajectories for milk (lower) and SCC (higher).

The number of detected perturbations and the proportions of cows that experienced at least one
perturbation differed across methods and traits (Table 1). For both milk yield and SCC, the WS
method identified the highest number of perturbations and the largest proportion of perturbed
cows, followed by QR and then IP. This pattern was consistent across lactations (values not
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shown). Despite differences in the total number of detected perturbations, all methods
consistently identified major perturbations (e.g., the event around day 45-55 shown in Fig. 1).
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Figure 1. Illustration of unperturbed trajectory estimation for milk yield and somatic cell count
in an example cow. --- = Official somatic cell count threshold for mastitis (200,000 cells/ml)

Table 1. Number of detected perturbations by method

Trait Method n % perturbed cows!
Milk Yield Iterative Polynomial 1270 70.4
Quantile Regression 1546 73.2
Weighted Spline 2193 78.5
SCC Iterative Polynomial 845 59.1
Quantile Regression 1571 72.7
Weighted Spline 1967 79.2

SCC = somatic cell count, ' Proportion of cows that experienced at least one perturbation regardless of lactation
number.

The observed differences between methods can be attributed to their distinct modelling
frameworks and associated meta-parameters. To minimise bias, all methods were implemented
using established (QR) or well-validated (WS & IP) meta-parameter settings.

The detected perturbations were also jointly analysed (Table 2). Across all methods, joint
perturbations (defined as SCC increase associated with a drop in milk yield) accounted for the
least proportion of detected perturbations. Perturbations solely related to milk yield were the
most common, indicating that many milk yield drops were not a result of an increase in SCC.
SCC-only perturbations also accounted for a substantial proportion of the responses across the
methods.

Table 2. Classification of perturbation response types across the trajectory estimation methods

Method Joint Milk yield  SCC % Joint! % Milk % SCC only!
perturbation only only only!

Iterative 70 1200 775 34 58.7 37.9
Polynomial

Quantile 125 1421 1446 4.2 47.5 48.3
Regression

Weighted 233 1960 1734 59 49.9 44.2

Spline

SCC = somatic cell count, ' % = Proportion (in percentage) of the total number of perturbations



Milk yield-only perturbations likely reflect non-mastitis-related challenges, such as nutritional
changes, environmental stressors (e.g., heat waves), other diseases (e.g., ketosis), or
physiological and behavioural events (e.g., oestrus), which can affect production without
inducing an inflammatory response in the mammary gland (Kadzere et al., 2002; Kok et al.,
2021). SCC-only perturbations could indicate inflammation or immune responses that did not
result in measurable production losses, potentially reflecting a mastitis-resilient animal capable
of maintaining milk yield despite immune activation. SCC-only perturbations may also reflect
infections caused by less virulent pathogens, as reported by Tomazi et al. (2015), who observed
that intra-mammary infections caused by coagulase-negative staphylococci had no effect on
milk yield or milk composition. Joint perturbations, although less frequent, represent cases
where elevated SCC coincided with reduced milk yield, and are consistent with established
evidence that mastitis adversely affects milk production (Halasa et al., 2007).

Conclusion

This study proves that data-driven trajectory estimation methods can effectively identify
perturbations, while also distinguishing between individual response patterns. Across methods,
SCC-only perturbations characterised by elevated SCC without concurrent decrease in milk
yield accounted for a substantial proportion of the response patterns, suggesting the presence
of cows capable of maintaining productivity despite inflammatory challenges. These responses
may provide a basis for identifying mastitis-resilient cows.

Ongoing work focuses on validating the perturbation-detection performance of the trajectory
estimation methods using simulated milk yield and SCC data. Ultimately, this work lays the
foundation for developing novel resilience indicators for mastitis and their possible inclusion
in animal breeding programmes.
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