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Abstract
Diagnostic imaging represents one of the most promising clinical applications of artificial intelligence
(AI) algorithms. The purpose of this study was to evaluate the customised convolutional neural network
(CNN) SepNetDense for distinguishing between normal and abnormal canine brain magnetic resonance
images (MRIs), with the aim of enhancing diagnostic efficiency and assisting radiologists in identifying
abnormal images.

The dataset comprised T1-weighted (T1w) pre- and post-contrast sequences in transverse, sagittal, and
dorsal planes from 550 dogs, collected from four universities. Dogs were included if they had a complete
clinical diagnosis confirmed either through histopathology or in accordance with current clinical
consensus. Patients were randomly divided into a training set (n = 444), a validation set (n = 53), and a
test set (n = 53). Each MRI was labelled on a slice-by-slice basis as normal or abnormal. The model was
trained on 205 normal imaging datasets (e.g., extracranial aetiologies, idiopathic epilepsy, paroxysmal
dyskinesia) and 239 abnormal ones (e.g., neoplasms, inflammatory lesions, other pathologies).

The model correctly predicted 74% of the true normal slices in the test set as normal and 73% of the true
abnormal as abnormal. A ROC analysis of the model’s prediction at the patient level revealed that, at a
threshold of 51% abnormal slices per patient, the model reached an optimal balance of 83% sensitivity
and 78% specificity, with a maximal accuracy of 80%. ANCOVA revealed that the CNN’s classification
performance was influenced by multiple biological, technical, and institutional factors. Lesion diagnosis,
institutional setting, and breed size had significant large effects, whereas body weight showed a
significant medium effect. Significant interactions with large effect sizes were also observed between
diagnosis and institute, as well as between breed size and weight. Additionally, a distinct pattern was
observed in the distribution of prediction categories along the anatomical axes, with a trend towards
better CNN performance in the central quartiles across all MRI sequences. The T1w pre-contrast sagittal
sequence demonstrated the highest classification accuracy (81.8%) compared to the other T1w
sequences. This study evaluates a CNN-based model designed to support a triage system for classifying
canine brain MRI studies, with the aim of identifying abnormalities and improving reporting efficiency.

Introduction
In recent decades, technical innovations in veterinary diagnostic imaging, especially magnetic resonance
imaging (MRI), have profoundly advanced clinical practice in veterinary neurology and neurosurgery [1].
MRI serves as a non-invasive, highly sensitive tool for detecting abnormalities, tracking disease
progression, and evaluating treatment and post-surgical outcomes [2,3]. Serial MRI studies further
enable in vivo monitoring of lesion progression in real time, making MRI an essential and versatile tool
for the antemortem assessment of canine brain pathologies [3]. The demand for imaging services, not
only in human but also in veterinary medicine, has outpaced the number of trained diagnostic imaging
specialists, creating a widening gap between the availability of imaging technology and diagnostic
expertise [1,4].
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While the number of MRI units in universities and private practices continues to rise, the workforce of
veterinary radiologists and neurologists has not increased at the same rate, posing challenges for
maintaining high-quality image interpretation [1,5]. In recent years, convolutional neural networks (CNNs)
have become a powerful tool in medical imaging for tasks such as classification, detection, localisation,
segmentation, augmentation, and automated diagnosis [6-9].

CNNs are particularly effective, as they can automatically learn complex patterns and hierarchical
features from image data by adjusting millions of parameters through optimisation [10,11]. The
architecture of a CNN typically comprises three main components: the input layer, the hidden layers, and
the output layer. The hidden layers include convolutional layers, which use filters to extract key features
from images; pooling layers, which reduce dimensionality; and fully connected layers, which make final
predictions. This ability to process and learn from visual data makes CNNs particularly valuable for
medical imaging applications [11]. Numerous studies have demonstrated that CNNs can assist
clinicians in a range of image analysis applications across different anatomical regions, achieving
performance levels comparable to those of human experts [12-19]. While CNNs continue to advance in
human medicine, improving accuracy, robustness, and generalisability, their adoption in veterinary
diagnostic practice remains at an early stage [20,21].

In 2018, several studies began to explore the potential of CNNs for analysing veterinary image diagnostic
[22-28]. Among veterinary diagnostic imaging modalities, radiography is the most widely studied due to
its common use in routine veterinary practice [20,29]. MRI, particularly in the context of neurological
conditions, is an emerging area of increasing research interest but remains comparatively underexplored
relative to radiography [20,29].

Niemeyer et al. (2024) fine-tuned a deep learning tool (VGG-16 network), originally developed for the
automatic grading of human lumbar intervertebral disc (IVD) degeneration using the Pfirrmann scheme,
to apply the same grading system to T2-weighted (T2w) midsagittal images of lumbar canine spines.
The model achieved an average accuracy of 94.1%, a sensitivity of 85.2%, and a specificity of 96.3% for
grades 1 to 5, demonstrating the potential to advance both veterinary care and human biomedical
research [30].

In another study, Biercher et al. (2021) demonstrated the potential of CNNs in differentiating
thoracolumbar spinal cord diseases in dogs. The CNN model achieved a sensitivity of 90.80% and a
specificity of 98.98% for intervertebral disc extrusion (IVDE) using T2w sagittal images; a sensitivity of
100% and a specificity of 95.10% for intervertebral disc prolapse (IVDP) using sagittal T1-weighted (T1w)
images; and a sensitivity of 90.98% and a specificity of 90.12% for fibrocartilaginous embolism/acute
non-compressive nucleus pulposus extrusion (FCE/ANNPE) using T2w transverse images. This study
emphasises the potential of CNNs to provide second opinions in the assessment of spinal cord lesions
on MRI, while also highlighting the challenges posed by limited training data for certain diagnoses [31]. 

Since 2018, the use of CNNs for analysing canine brain tumours using MRI has gained increasing
attention in veterinary neuroimaging [25]. Banzato et al. (2018) utilised two neural networks (NNs), one
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based on AlexNet and the other a customised model, to predict the histopathological grading of canine
meningiomas. Their preliminary study tested the models on ten randomly selected images, correctly
classifying the meningioma grade in eight out of ten cases. This result underscores the potential of MRI-
based tumour grading in guiding treatment decisions [25]. Later that year, Banzato et al. trained a CNN
based on GoogLeNet to distinguish between meningiomas and gliomas on canine MRI images [23]. The
model performed best on post-contrast T1w images, achieving an accuracy of 94%. Performance was
slightly lower on pre-contrast T1w and T2w images, with respective accuracies of 91% and 90%. These
findings further demonstrate the potential of deep learning models to assist in the diagnosis and
classification of various tumour types [23].

While recent studies have highlighted the growing use of CNNs in veterinary imaging diagnostics, their
application in triaging or enhancing diagnostic workflows for complex imaging modalities, such as brain
MRI, remains limited. This is partly due to the lack of heterogeneous large datasets that adequately
reflect real-world variability. The hypothesis of this study is that a CNN model trained on a
heterogeneous brain MRI dataset can accurately predict whether a dog’s brain is normal or abnormal. To
test this hypothesis, we: (1) annotated 79,310 MRI slices from 550 dogs across four institutions,
comprising both unremarkable brains as well as brains with multiple diseases; (2) trained the
customised CNN model, SepNetDense, using the training and validation sets; and (3) evaluated the
model’s performance on an independent test set.

Material and Methods
Dataset and Features. The dataset comprised T1w sequences acquired pre- and post-contrast in the
transverse, sagittal, and dorsal planes. It included 241 patients with unremarkable brain imaging findings
(e.g., extracranial aetiologies, idiopathic epilepsy, and paroxysmal dyskinesia), and 309 patients with
remarkable imaging findings (e.g., neoplasms, inflammatory lesions, and other pathological
abnormalities). Dogs were included if they had a complete clinical diagnosis, confirmed either by
histopathology or in accordance with current clinical scientific consensus, which served as the ground
truth.

Breed, age, weight, sex, presenting complaint, imaging findings, and final diagnoses were extracted from
the electronic medical records of each patient. All MRI studies were reviewed by at least one veterinary
neuroradiology expert. No animals were directly involved in this study, as all data were retrospectively
collected from clinical cases that had previously undergone brain MRI for diagnostic purposes.

Patient Selection. Electronic databases from two university referral centres, the Department of Small
Animal Medicine and Surgery at the University of Veterinary Medicine Hannover, Germany (TiHo), and the
William R. Pritchard Veterinary Medical Teaching Hospital at the University of California, Davis (UC
Davis), were searched for dogs presenting with clinical signs of encephalopathy between April 2003 and
June 2022. A total of 178 patients with MRI studies showing remarkable brain findings were included if
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they had a comprehensive clinical history and received a histopathological diagnosis from a board-
certified pathologist, based on either post-mortem examination or stereotactic brain biopsy.

In addition, 84 cases with histopathologically confirmed primary or secondary intracranial neoplasia,
from the dataset of a previous study conducted at the Royal Veterinary College, Small Animal Referral
Hospital, London (RVC), were included [32]. Furthermore, 45 cases of meningoencephalitis of unknown
origin, with a final or presumptive diagnosis as reported in a previous study conducted at the Small
Animal Hospital of the University of Glasgow (Glasgow), were incorporated [33].

MRI studies were acquired at four university referral centres using clinical MRI scanners from Philips, GE
Medical Systems, and Siemens. At TiHo, imaging was performed using 3.0 T scanners, including the
Philips Achieva and Achieva dStream models. UC Davis used 1.5 T scanners from GE Medical Systems,
including the Genesis Signa and Signa HDxt. Glasgow acquired scans using 1.5 T systems, including the
Philips NT Intera and Siemens Magnetom Essenza. At RVC, studies were obtained using various 1.5 T
scanners, including the Philips Achieva, Gyroscan, Intera, NT Intera, and the GE Genesis Signa. Different
imaging protocols were applied at each institution. Differences in scanner models, magnet strength, and
acquisition protocols across institutions were considered as part of the dataset’s heterogeneity.

Control Group. The control group consisted of MR images from 241 dogs with unremarkable brain
findings, obtained from four university referral centres. This group included dogs with conditions such as
extracranial aetiologies; paroxysmal dyskinesia, diagnosed in accordance with the consensus statement
of the European College of Veterinary Neurology (ECVN) [34]; and idiopathic epilepsy, classified as tier II
according to the International Veterinary Epilepsy Task Force consensus statement [35].

As individual dogs may have undergone multiple MRI examinations on different dates at the referral
centres, only one MRI study per case was included in the dataset. Follow-up MRI studies performed post-
surgery or post-treatment were excluded. Approval for the use of medical data was obtained through the
owner's informed consent prior to hospital admission, in accordance with each university’s institutional
guidelines. The acquisition of MRI images was supervised by veterinary technicians from the diagnostic
imaging units of the referral centres, in compliance with their respective animal welfare policies. All
patients were imaged under general anaesthesia. MRI studies affected by severe motion artefacts or
incomplete sequences that prevented diagnostic interpretation were excluded from the study dataset.

Dataset Preparation. All MR images were anonymised using Python™ (Python™, version 3.11. Python
Software Foundation, DE, USA) by removing metadata tags containing personal information [36].

Labelling. All images were in Digital Imaging and Communications in Medicine (DICOM) format and
analysed using available DICOM viewers: RadiAnt™ (RadiAnt™ DICOM Viewer for Windows, version 4.0.1.
Poznań, Poland) or OsiriX MD (OsiriX MD, DICOM viewer for macOS, Pixmeo SARL, Geneva, Switzerland)
[37, 38]. The DICOM files were extracted and subsequently converted into PNG format. MRI slices were
labelled slice by slice using the online annotation platform V7 Darwin (V7 Labs. V7 Darwin, London, UK)
[39].
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Brain MR images were annotated using the following tags, which served as the ground truth: (a) normal,
indicating the absence of detectable abnormalities and serving as a baseline for comparison; and (b)
pathological structural changes, including lesions, brain oedema, mass effect, ventricular abnormalities,
midline shift, parenchymal loss, pathological contrast enhancement, and herniation. For binary
classification, images labelled as normal were categorised as normal, while those tagged with any
pathological condition were classified as abnormal.

Experimental Design and Data Split. To train, validate, and test the performance of the presented CNN,
the dataset comprising 550 dogs was randomly divided into a training set, a validation set, and a test set.
Randomisation was performed using MATLAB® (MATLAB® software, MathWorks Inc. version R2022b.
Natick, MA, USA), without accounting for covariates such as age, weight, breed type, institution, number
of sequences, or disease category [40]. For data splitting, all slices and sequences from each patient
were treated as a single unit, and the dataset was split at the patient level. The model was trained at the
slice level, where normal brain MRI images consisted exclusively of normal slices, while remarkable
cases contained both abnormal and normal slices, as the lesion was not present in every slice.

Training set: This set consisted of 444 dogs and included 39,208 normal and 11,960 abnormal images,
enabling the model to learn and adjust its parameters based on these data. Validation set: The validation
set comprised 53 dogs, with 5,491 normal and 1,860 abnormal slices. It was used to fine-tune the
model’s hyperparameters and to monitor performance during the training process. Test set: The test set
also consisted of 53 dogs and included 4,612 normal and 1,989 abnormal imaging slices. This set was
reserved for final model evaluation, providing an unbiased estimate of the model’s performance and
ensuring its ability to generalise to unseen data.

Pre-processing. The initial T1w image file sizes ranged from 179 bytes to 399.91 KB, with matrix
dimensions varying between 144 × 144 and 1024 × 1024 pixels. Pixel dimensions were dependent on the
scanner’s resolution and field of view at the time of acquisition. All T1w images (greyscale) were resized
to 128 × 128 pixels, and normalised during pre-processing. To increase data variability, augmentation
techniques were applied, including random 90° rotations and horizontal or vertical flips.

CNN model. Although well-established networks such as ResNets and DenseNets have demonstrated
strong performance across a range of vision tasks, they performed suboptimal for the present
application [41, 42]. Due to their high parameter count, these models tended to either overfit or underfit
the data, failing to capture domain-specific features essential for robust classification [41, 42]. To
address this limitation, a customised, optimised architecture, SepNetDense, was developed for binary
brain classification in the present study. SepNetDense features a small parameter footprint, comprising a
total of 76,626 parameters, of which 65,746 are trainable [43–45]. The architecture of SepNetDense is
illustrated in Fig. 1.

The following classification metrics were calculated:

Classification Accuracy = (TP + TN) / (TP + TN + FP + FN)
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TP = true positives, TN = true negatives, FP = false positives, and FN = false negatives.

Frequency distributions of the predictions were compared using chi-square tests or Fisher’s exact tests
and visualized as heatmaps using GraphPad Prism (Prism 8 for Windows, version 8.4.3, GraphPad
Software, San Diego, CA, USA) [46].

The proportion of slices predicted to be normal or abnormal as compared to all slices at the patient level
was assessed for normality using a Q-Q plot and Shapiro-Wilk tests, and analysed for differences
between the groups using the Mann–Whitney U test. Receiver Operating Characteristic (ROC) analysis
was performed to assess classification performance and determine optimal thresholds, also using
GraphPad Prism (Prism 8 for Windows, version 8.4.3, GraphPad Software, San Diego, CA, USA).

An analysis of covariance (ANCOVA) was performed in SPSS (IBM SPSS Statistics for Windows, version
29.0.1.1, IBM Corp., Armonk, NY, USA) to examine and compare the effects of materials- and methods-
related factors, covariates, and selected interactions on classification accuracy [47]. Levene’s test was
applied to assess the assumption of homogeneity of variances. Effect sizes were reported using partial
eta squared (η�²), interpreted as small (0.01–0.059), medium (0.06–0.13), and large (≥ 0.14), as
described by Gravetter et al. [48].

A two-way analysis of variance (ANOVA) with post hoc one-way ANOVAs and subsequent pair-wise post
hoc tests with Bonferroni corrections was applied to assess the effects of the categorical factors
diagnosis and institute on the CNN model’s accuracy using SPSS (IBM SPSS Statistics for Windows,
version 29.0.1.1, IBM Corp., Armonk, NY, USA). Levene’s test was applied to assess the assumption of
homogeneity of variances and normality was assessed using a Q-Q plot of standardized residues [49].
The influence of the categorical factors institute, manufacturer, scanner model, field strength, diagnosis,
breed size, skull conformation and gender on accuracy was analysed individually. Distributions were first
assessed with Levene’s test, then groups were compared using one-way ANOVA or Kruskal-Wallis tests
with Bonferroni post hoc corrections, or unpaired t-tests or Mann-Whitney U tests where applicable.
Linear regression analyses were used to assess associations between the continuous factors and
classification accuracy using GraphPad Prism (Prism 8 for Windows, version 8.4.3, GraphPad Software,

Precision = TP / (TP + FP)

Recall = TP / (TP + FN)

F1 − score = 2 × Precision × Recall / (Precision + Recall)
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San Diego, CA, USA). To evaluate the adequacy of the linear regression models, residual plots were
examined.

In general, statistical significance was defined as a p ≤ 0.05.

Results
Dataset. The study included the MRI sequences of 550 canine brains with pre- and post-contrast T1w
images, collected across four referral centres. From these patients, a total of 79,310 MRI slices were
annotated manually as either normal or abnormal, based on brain MRI findings. Slices affected by
artefacts or considered to be of insufficient quality were excluded, resulting in a final dataset comprising
65,120 slices. The training set consisted of 444 patients, of which 205 had normal and 239 had
abnormal brain findings. The validation and test sets each comprised 53 patients, with 18 normal and 35
abnormal patients.

In the study dataset (Table 1), the most represented diagnosis was the MRI-normal group (n = 241),
comprising patients with unremarkable brain MRI findings. This was followed by the neoplastic group (n 
= 186) and the inflammatory group (n = 113). The least represented was the other causes group (n = 10),
which included vascular, hereditary, and degenerative brain abnormalities.

Table 1
Distribution of diagnostic categories across the training, validation, and

test sets (n = 550 patients).
Diagnostic Category Training set Validation set Test set

MRI-Normal 205 (46.17%) 18 (33.96%) 18 (33.96%)

Neoplastic 143 (32.21%) 21 (39.62%) 22 (41.51%)

Inflammatory 89 (20.05%) 12 (22.64%) 12 (22.64%)

Other causes 7 (1.58%) 2 (3.77%) 1 (1.89%)

Total 444 53 53

The study dataset represented a heterogeneous mix of breeds (Suppl. Table 1). The most represented
breeds were crossbreeds (16%), followed by Labrador Retrievers (11%) and Boxers (5%). The mean age
of the study group was 5.81 ± 3.60 years, and the mean body weight was 22.55 ± 14.06 kg. MRI studies
included in the dataset were acquired using 1.5 T (n = 309) and 3.0 T (n = 241) scanners. The most
commonly used manufacturers were Philips (n = 363), GE Medical Systems (n = 123), and Siemens (n = 
64).

Performance. Using the described test set (n = 53; Table 1), the performance of the CNN was evaluated
in classifying individual MRI slices as either normal or abnormal. A total of 6,660 MRI slices were
included in the analysis. Based on manual annotations serving as the reference standard, 73%
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(1,452/1,989) of abnormal slices and 74% (3,430/4,612) of normal slices were correctly classified,
whereas 27% (537/1,989) of abnormal slices and 26% (1,182/4,612) of normal slices were incorrectly
classified (Fig. 2).

Based on individual MRI slice classification, the model achieved a precision of 0.86, recall of 0.74, and
F1-score of 0.80 for normal slices, and a precision of 0.55, recall of 0.73, and

F1-score of 0.63 for abnormal slices, with an overall accuracy of 0.74 (Table 2).

Table 2
Performance metrics

Class Precision Recall F1-score

Normal 0.86 0.74 0.80

Abnormal 0.55 0.73 0.63

Overall accuracy     0.74

Findings. The spatial distribution of classification errors (false positives and false negatives) was
analysed slice-wise using heatmaps to visualize prediction patterns across all orientations in pre- and
post-contrast T1w sequences after normalisation (Fig. 3). Across all three orientations; transverse
(Fig. 3a–b), sagittal (Fig. 3c–d), and dorsal (Fig. 3e–f) T1w images of the normal patient subset are
characterized by a high number of true negatives across slices. False positives appear as scattered
patches along the slice axes, predominantly in the central portions, and vary between individual patients.
In the abnormal subset, true positives dominate the central portions of the slice axes across all
orientations, forming dense horizontal bands, while false negatives occur more sporadically in the same
regions. By contrast, false positives and true negatives tend to cluster near the periphery of the
anatomical axes, particularly at the sequence extremes. In dorsal pre- and post-contrast T1w images
(Fig. 3e–f), true positive clusters in abnormal patients are generally shorter and less continuous than in
other orientations. Error patterns in this view appear more fragmented, which might suggest localized
deviations and greater uncertainty in the dorsal plane. To investigate whether the prediction outcomes
(true positive, true negative, false positive, false negative) varied systematically along the anatomical
axes, each MRI sequence was normalised slice-wise and divided into four equal quartiles (Q1–Q4).
Results showed that the distribution of the prediction categories differed significantly across the
quartiles in all sequences (Suppl. Table 2).

Slice-wise accuracy across T1w sequences. The relationship between CNN slice-wise accuracy and MRI
sequence type was examined. As illustrated in Fig. 4, a significant difference was observed in the
accuracy achieved with the different sequences (Chi-square test, p ≤ 0.001). Pre-contrast T1w sagittal
images demonstrated the highest slice-wise accuracy (81.8%), significantly outperforming other
sequences, including pre-contrast T1w transverse (71.2%), post-contrast T1w transverse (73.3%), post-
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contrast T1w sagittal (75.1%), post-contrast T1w dorsal (76.1%), and pre-contrast T1w dorsal sequence
(69.7%).

Assessment of the sensitivity and specificity of the CNN model at the patient level using receiver
operating characteristic analysis (ROC). Since the CNN's predictions were based on individual MRI
slices, the ROC curve was used to evaluate the model's performance at the patient level, determining the
optimal threshold for classifying patients as abnormal or normal, based on the proportion of slices
predicted to be abnormal slices among all slices.

The proportion of slices predicted to be abnormal in the normal (n = 18) and abnormal (n = 35) patient
groups in the test set was assessed using a Q-Q plot (Suppl. Figure 1), and Shapiro–Wilk tests, which
indicated significant deviations from normality in both groups (normal p = 0.027; abnormal p = 0.003).

Figure 5a shows that the proportion of slices predicted to be abnormal within each patient differs
between the groups. The median of the proportion of slices predicted to be abnormal was significantly
higher in the abnormal group at 0.70, compared to 0.26 in the normal group (Mann–Whitney U test p < 
0.0001).

The ROC curve is presented in Fig. 5b. The area under the curve (AUC) was 0.85 (p < 0.0001), indicating
that the model reliably distinguishes between normal and abnormal patients.

An optimal balance between sensitivity and specificity was achieved when a threshold of 51% predicted
abnormal slices out of all slices was used to classify a patient as abnormal. This threshold resulted in a
sensitivity of 83%, specificity of 78%, and a positive likelihood ratio of 3.7, corresponding to the highest
overall accuracy of 80%.

A more conservative threshold of 64% maximised specificity to 94%, while maintaining a reasonable
sensitivity of 66%. This resulted in the highest positive likelihood ratio of 11.8, with the model's accuracy
at this threshold being 80%. Detailed performance metrics at each threshold are presented in Suppl.
Table 3.

Identification of Parameters Influencing CNN Model Performance Using ANCOVA. In the next step, a
univariate ANCOVA was conducted to evaluate the influence of materials- and methods-related
parameters on the accuracy of the CNN model. The included categorical factors were institute (TiHo, UC
Davis, RVC, Glasgow), breed size (small, medium, large), skull conformation (brachycephalic vs non-
brachycephalic), sex (male, female), diagnosis (MRI-normal, neoplastic, inflammatory, other causes), and
the quantitative covariates were age, weight, number of slices, and the number of available MRI
sequences per case in the test set (Suppl. Table 4). In addition, interactions between diagnosis and
institute, breed size and weight, as well as sex and weight were examined. As each university referral
centre employed distinct imaging protocols, which differed in MRI settings, equipment, and acquisition
techniques, the factor ‘institute’ was treated as a composite factor representing the combined influence
of these imaging-related variations on model accuracy. Scanner model and magnetic field strength were
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not included in the ANCOVA due to multicollinearity with the variable “institute,” as each institute in our
dataset used a unique scanner. Attempts to substitute “manufacturer” with “scanner model” did not
resolve this issue, since each model was still exclusive to one institute. Therefore, “institute” was
retained in the model to account for all scanner- and site-specific factors, allowing for interpretable
results without redundancy.

The corrected model was statistically significant (p < 0.001, η�² = 0.80). Levene’s test rejected the
assumption of variance homogeneity (p = 0.021), likely due to the large number of factor levels relative to
the total sample size (n = 53). Since the Q–Q plot showed only minor deviations from normality, the
model was retained, and its results were interpreted with caution (Suppl. Figure 2). Effect sizes were
calculated using partial eta squared (η�²) and interpreted as small, medium, or large, as mentioned in the
Materials and Methods section (Fig. 6). As shown in Fig. 6a, the ANCOVA indicated that several
parameters significantly influenced the accuracy of the CNN model. Main effects with large effect sizes
were observed for breed size (p < 0.001, η�² = 0.44), institute (p = 0.001, η�² = 0.39), and diagnosis type
(p = 0.003, η�² = 0.35). Medium effect sizes were identified for body weight (p = 0.050, η�² = 0.12).
Significant interaction effects with large effect sizes were found between diagnosis and institute (p < 
0.001, η�² = 0.45), as well as between breed size and weight (p < 0.001, η�² = 0.43). In contrast, sex, sex
and weight interaction, skull conformation, age, number of sequences per case, and number of slices per
case exhibited no significant effect on the CNN-models accuracy (p > 0.05, η�² ranging from 0.065 to
0.004).

Following the identification of the main factors influencing model performance through ANCOVA, a two-
way ANOVA was conducted to further investigate the effects of institute and diagnosis on model
accuracy (Fig. 6b). The analysis revealed significant main effects of institute (p < 0.001) and diagnosis
(p = 0.007), as well as a significant interaction (p < 0.001), indicating that the effect of diagnosis on
model performance was dependent on the institute. A pair wise post hoc comparison of the institutes
reveals higher accuracy with TiHo data as compared to RVC and Glasgow (p < 0.001 and p = 0.001), as
well as higher accuracy with UC Davis data as compared to Glasgow (p = 0.029). The two-way ANOVA
has to be interpreted carefully, since Levene’s test rejected the assumption of variance homogeneity (p = 
0.014). However, visual inspection of the Q-Q plot of the standardized residuals shows approximate
normality (Suppl. Figure 3), and Levene’s test for all post hoc one-way ANOVAs did not reject the
assumption of variance homogeneity (TiHo p = 0.199; UC Davis p = 0.148; RVC p = 0.813; Glasgow p = 
0.075). Accordingly, one-way ANOVA revealed a significant effect of diagnosis in the TiHo subset
(ANOVA, p = 0.028), with MRI-normal cases achieving significantly higher accuracy than inflammatory
cases (Bonferroni correction, p = 0.031). Furthermore, a significant effect of diagnosis was found in the
RVC cohort (ANOVA, p = 0.040); however, pairwise post hoc tests could not be calculated due to the
small number of cases in the ‘other causes’ group. In contrast, no significant effects of diagnosis on
accuracy were detected in the UC Davis (ANOVA, p = 0.055) and Glasgow subsets (ANOVA, p = 0.143).

Due to the significant interaction between weight and breed size identified in the ANCOVA, the effect of
body weight on CNN classification accuracy was examined separately within each breed size category
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(small, medium, large) using linear regressions (Fig. 6c; residual plot in Suppl Fig. 4). In small breeds, no
significant association was found between weight and accuracy (p = 0.6006, R² = 0.0165). Similarly, the
association was not significant in medium breeds (p = 0.3390, R² = 0.0916). However, in large breeds, a
significant negative association was observed (p = 0.0186, R² = 0.2471), indicating that higher body
weight within the large breeds was associated with reduced CNN accuracy.

In addition to the ANCOVA, the individual effects of categorical factors on CNN accuracy were examined
using one-factor tests (Suppl. Figure 5). Institution significantly affected accuracy, with TiHo cases
showing higher accuracy than RVC and Glasgow (Levene’s test, p = 0.016; Kruskal-Wallis test, p ≤ 0.001;
Suppl. Figure 5a). Accuracy was not significantly affected by manufacturer (Levene’s test, p = 0.022;
Kruskal-Wallis test, p = 0.119; Suppl. Figure 5c). Scanner model had a significant effect, with Achieva
showing higher accuracy than Intera and Magnetom Essenza (Levene’s test, p = 0.050; Kruskal-Wallis
test, p = 0.003; Suppl. Figure 5e). Scanner field strength significantly influenced accuracy, with 3 T
datasets showing higher accuracy than 1.5 T datasets (Levene’s test, p = 0.052; independent t-test, p < 
0.001; Suppl. Figure 5g). Accuracy was not significantly affected by breed size (Levene’s test, p = 0.131;
ANOVA, p = 0.400; Suppl. Figure 5i), skull conformation (Levene’s test, p = 0.288; independent t-test, p = 
0.374; Suppl. Figure 5k), sex (Levene’s test, p = 0.877; independent t-test, p = 0.815; Suppl. Figure 5m), or
diagnosis (Levene’s test, p = 0.001; Kruskal-Wallis test, p = 0.848; Suppl. Figure 5o).

Simple linear regression analyses were performed to assess whether CNN classification accuracy was
individually influenced by age at MRI, weight at MRI, number of available sequences, and number of
slices per case (Suppl. Figure 6). The number of sequences demonstrated a positive linear relationship
with accuracy (p = 0.003, R² = 0.162; Suppl. Figure 6a). Similarly, the number of slices was positively
linearly correlated with accuracy (p < 0.001, R² = 0.222; Suppl. Figure 6b). In contrast, no significant
linear correlation was found for weight at MRI (p = 0.839, R2 = 0.001; Suppl. Figure 6e) and age at MRI (p 
= 0.853, R² = 0.001; Suppl. Figure 6g).

Discussion
CNN models are emerging as promising diagnostic tools in medical imaging, though their application in
veterinary medicine remains in its early stages. In this study, we evaluated a CNN model to classify
canine brain pre- and post-contrast T1w MRI studies as normal or abnormal, aiming to enable computer-
assisted detection of brain lesions and improve reporting efficiency in clinical practice. Beyond
evaluating overall performance, we examined the influence of biological, technical, and institutional
factors on model accuracy. Our ANCOVA analysis revealed that lesion diagnosis, institutional setting,
and breed size each had significant effects, all with large effect sizes, while body weight showed a
medium effect. Significant interactions with large effect sizes were also observed between diagnosis
and institute, as well as between breed size and weight. The model achieved its highest accuracy on the
T1w pre-contrast sagittal sequence. Moreover, a spatial pattern was observed along the three
anatomical axes, with higher performance in central brain regions and more classification errors in
peripheral slices. These findings underscore the multifactorial nature of CNN performance and highlight
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the importance of dataset diversity, anatomical context, and sequence selection in developing robust
and generalisable AI models for veterinary neurology.

The model was trained on 444 MRI data sets collected from four veterinary referral centres, including a
variety of breeds, ages, body weights, diagnoses, and MRI scanner types. This multi-institutional dataset
was designed to reflect real-world variability and to support the development of a model capable of
generalising across diverse clinical settings. Previous studies exploring CNNs in veterinary imaging have
provided valuable insights; however, they were limited by small cohorts or single-centre dataset [22–28].
In contrast, our study utilises a broader and more heterogeneous dataset that better represents the
complexity of clinical practice.

The customised CNN model presented in this study demonstrated a good ability to classify canine brain
MRI slices as normal or abnormal. At the slice level, it achieved an overall accuracy of 74%, with
comparable classification rates for normal (74%) and abnormal (73%) slices (Fig. 2). As shown in
Table 2, the model achieved a precision of 0.86 for normal slices, indicating that predictions of normality
were generally reliable. In contrast, the lower precision for abnormal slices of 0.55 reflects a higher rate
of false positives in this class. Nonetheless, recall values were similar for both classes (0.74 for normal
and 0.73 for abnormal), indicating that the model successfully identified the majority of true instances.
The corresponding F1-scores were 0.80 for normal and 0.63 for abnormal slices. This discrepancy may
be attributed to the relatively limited dataset size compared with the complexity of the classification
task, which may have constrained the model’s exposure to the full range of abnormal presentations [50].
Furthermore, the heterogeneous and often subtle nature of abnormalities likely contributed to the
increased false positive rate [6, 50].

To date, few studies have used CNN models to evaluate canine brain MRI. Banzato et al. reported high
classification accuracies in CNN-based canine brain MRI studies, achieving up to 94% when
distinguishing between meningiomas and gliomas [23], and correctly predicting meningioma grade in
80% of cases [25]. The discrepancy in accuracy between our study and previous applications of CNNs in
veterinary neurology is likely attributable to differences in sample size and methodological design.
Importantly, small sample sizes in neuroimaging studies employing machine learning have been shown
to introduce substantial variability in performance estimates, thereby limiting the reliability of
conclusions and the generalisability of findings [51]. These studies focused on well-defined tumour types
and employed smaller and simpler datasets, which may have simplified the classification task. In
contrast, our model was trained on a larger, multi-institutional dataset that included a broader spectrum
of diagnoses and greater variability in breed, MRI scanner type, and acquisition protocols. Hence, based
on the ANCOVA results, the intentional inclusion of real-world variability in our experimental design is
likely the primary factor contributing to the lower accuracy observed compared to the previous studies.
Our analysis shows that the almost unlimited variety of possible diagnoses and the variability of the
institutional framework conditions are the biggest factors influencing the performance of the CNN
model. While this heterogeneity may result in the numerically lower performance as compared to the
previously mentioned studies, the inclusion of real-life variability is a prerequisite for the development of

Page 14/32



practical applications, since it offers a more realistic representation of clinical diversity. Training on low-
variability data sourced from a single institution carries the risk of poor reproducibility, as models may
end up capturing dataset-specific artefacts rather than learning generalisable features [52]. Zhang et al.
(2016) showed that deep neural networks are capable of fitting random labels or noise, emphasising
their potential to memorise data without extracting meaningful patterns [52]. Consequently, models that
demonstrate strong performance under narrowly controlled research settings often fail to translate to
real-world scenarios, highlighting the need for large, heterogeneous datasets and thorough external
validation to ensure robust generalisation. Ultimately, while this heterogeneity may result in numerically
lower performance compared to the previous studies, incorporating real-life variability is essential for the
development of practical applications, as it provides a more accurate reflection of clinical diversity [23,
25].

The ANCOVA indicated that CNN classification performance was influenced by several biological,
technical, and institutional factors, which may need to be considered as confounding factors in future
studies (Fig. 6). Imaging-related differences, including MRI protocols, manufacturer, scanner model,
magnetic field strength, and acquisition techniques, summarised as 'institute,' along with the range of
morphological changes represented by 'diagnosis', are shown in our results to be the major factors
affecting CNN model performance. The CNN model performed best on cases from TiHo, and poorest on
cases from Glasgow, reflecting the different number of cases from the institutes in the training dataset.
Lower accuracy for a particular institute or diagnostic category indicates suboptimal performance on
that subset, but does not imply that these cases are inherently more challenging for the CNN model. This
finding aligns with previous studies that underscore the susceptibility of CNN-based models to domain
shifts in medical imaging [53, 54]. Variations in patient demographics, imaging protocols, and
institutional practices present significant challenges for cross-site generalisation, ultimately affecting
the model’s ability to perform consistently across different clinical environments [53, 54].

A critical comparison of the ANCOVA results with the one-factor analyses shows that, although multiple
factors individually influence accuracy, their effects are negligible compared to the main factors, which
are institutional setting, diagnostic category, breed size, and weight, when the full experimental design is
considered. Since CNN-based models learn patterns from the data they are exposed to, it is crucial to
train them on diverse datasets from multiple institutes and a variety of diseases, ensuring the model can
distinguish between different classes in the test set [55, 56]. Recent research has shown that differences
in patient populations, imaging methods, and institutional protocols can lead to substantial domain
shifts, which consequently hinder the generalisability of CNN-based models across diverse clinical
settings [53, 54]. To address this, training on diverse, multi-centre datasets that incorporate a wide range
of pathologies is essential to achieve reliable model performance in independent, real-world
environments [52, 55].

In this study, a slice-by-slice approach was employed for CNN training, resulting in predictions made on
individual MRI slices. To interpret these predictions at the patient level, we explored the optimal
threshold for classifying a patient as abnormal or normal based on the proportion of slices predicted to
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be abnormal versus all slices within the respective patient. The results indicated that there is no single
optimal threshold; rather, two thresholds (a balanced threshold of 51% and a more conservative 64%)
may be applicable depending on the clinical context. For triage applications, where the model serves as
a secondary reader or “second pair of eyes,” a more sensitive threshold of 51% may be preferable to
minimise the risk of missing potential abnormalities. In contrast, for situations where high specificity is
critical, such as to avoid unnecessary referrals or follow-ups, the 64% threshold may be more
appropriate. Thus, the classification threshold should be adjusted according to the specific clinical
objective.

As shown in Fig. 3, a pattern is observed in the distribution of prediction categories (true positive, true
negative, false positive, false negative) along the anatomical axes of the slices within all sequences. This
pattern is confirmed by statistical analysis, which revealed that the CNN model's performance varied
significantly across quartiles (Q1–Q4) within each MRI sequence. The true positive category is most
prominent in the central region of the slice axes for abnormal patients, indicating that the model’s
predictions are more stable in these mid-slice regions. One possible explanation is the greater
anatomical homogeneity of central brain structures across patients, allowing the model to learn more
generalisable and discriminative features. Furthermore, central slices contain a larger volume of brain
tissue, providing richer spatial context, which may enhance model confidence and prediction accuracy.

In contrast, a higher density of classification errors is observed near the extremes of the slice axes. This
may be due to reduced structural information, increased anatomical variability, inconsistent signal
characteristics, or a combination of biological and imaging-related factors. Peripheral slices typically
contain less brain tissue and a greater proportion of non-neural structures, such as bone, cerebrospinal
fluid, or air-filled spaces. These regions are more prone to partial volume effects and imaging artefacts,
both of which can degrade feature quality and reduce the model’s predictive reliability.

Based on these findings, we concluded that the relative position of each slice along the anatomical axes
influences prediction consistency, with this effect varying by sequence and orientation. To address these
limitations, Kamnitsas et al. (2017) suggested excluding peripheral slices from training due to their
limited diagnostic value. In their multi-scale 3D CNN for brain lesion segmentation, they excluded outer
slices, citing poor information quality at the volume boundaries [57]. Furthermore, the implementation of
a robust skull-stripping step, as described by Nour Eddin et al. (2023), prior to training could reduce the
influence of non-brain structures [58]. However, excluding peripheral slices should be approached with
caution, as these slices are routinely reviewed in clinical practice. Incorporating peripheral slices into
model training might enhance robustness and better reflect the diagnostic process.

It is worth noting that in our study, body weight was negatively associated with classification accuracy in
large breeds, a pattern not observed in small or medium breeds. This is in contrast to findings in human
neonatal MRI studies, where smaller brain volume in infants have been associated with reduced image
quality and diagnostic performance, largely due to lower tissue contrast, increased partial volume
effects, and technical limitations [59].
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While CNNs do not interpret images in the same way as human experts, they identify and weight
statistical patterns in the input data that are associated with specific outputs (e.g., normal vs abnormal),
without possessing any semantic understanding of anatomical structures such as a “lesion” or “brain”
[60]. As a result, misclassifications in peripheral slices or in large-breed dogs may arise from non-neural
structures, signal artefacts, or anatomical variability that resemble features the model has learned to
associate with abnormal cases. Similar findings have been reported in human imaging studies, where
CNNs were shown to rely on spurious correlations rather than pathology-specific features [61].
Explainability tools such as Gradient-weighted Class Activation Mapping (Grad-CAM), which provide
visual explanations by using the gradient of a target class flowing into the final convolutional layer to
generate a coarse localisation map, may help determine whether the CNN is attending to biologically
relevant brain regions or being misled by non-neural features such as bone, cerebrospinal fluid, or
imaging artefacts in peripheral slices [62].

Simple regression analyses showed that both the number of slices and available sequences per case
positively affected accuracy, indicating that more imaging data leads to better classification
performance. The model benefits from access to more data per patient, capturing additional spatial
context and subtle abnormalities [63].

Another finding of this study was that the T1w pre-contrast sagittal sequence demonstrated significantly
higher classification accuracy (81.8%) compared to other T1w sequences. This may be because the
sagittal plane provides a clearer view of midline structures, particularly the ventricular system, which can
exhibit subtle morphological changes associated with underlying pathology. In human medicine, similar
observations were reported by Grigas et al. (2025) in a study distinguishing individual with mild cognitive
impairment from cognitively normal controls. They found that sagittal T1w slices provided the highest
diagnostic performance, followed by axial and coronal planes [59]. This was likely due to the presence of
informative features in midline structures such as the corpus callosum, thalamus, and lateral ventricles,
which are known to undergo structural and metabolic alterations in the early stages of cognitive decline
[64].

Considering all aspects, the mentioned factors can be considered potential confounders and are
important to acknowledge when designing, interpreting, or applying CNN models in a clinical context.

Limitations. This study has several limitations, and key challenges remain to be addressed in future
work. A primary limitation is the relatively small number of cases included. The reason for this was that
we aimed to include only cases which had a very high diagnostic accuracy, e.g. all brain neoplasms
included were histopathologically confirmed. This limited the dataset significantly, albeit using the
dataset from large academic institutions. Although the training set was heterogeneous and sourced
from multiple institutions, the total of 444 cases may be insufficient for training a complex deep learning
model, potentially limiting the model’s ability to generalise across the full spectrum of pathological
presentations observed in clinical practice [50]. Nonetheless, the performance achieved can be
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considered acceptable given the size and diversity of the dataset, providing a valuable proof of concept
for future research.

In veterinary clinical practice, it is uncommon for completely healthy dogs without clinical signs to
undergo brain MRI, making the acquisition of true normal controls challenging. As a result, the control
group in this study included patients with Tier II idiopathic epilepsy, paroxysmal dyskinesia, and
extracranial causes, rather than dogs with entirely normal neurological status. Although these dogs
showed no structural brain abnormalities on MRI, the presence of underlying neurological disease could
introduce subtle changes not detectable by expert visual assessment, potentially influencing model
training and performance. Future studies would benefit from a broader and more representative control
population to further enhance model reliability and generalisability.

Another key limitation of this study is the exclusive use of T1w pre- and post-contrast images for model
development. While T1w imaging is effective for detecting mass lesions and abnormalities associated
with blood-brain barrier disruption, it is less sensitive to other important pathological changes.
Conditions such as oedema, demyelination, mild inflammatory processes, early ischemic changes, and
subtle structural abnormalities are often better visualised on T2w, FLAIR, or diffusion-weighted
sequences [65]. In fact, some abnormalities, particularly those without significant contrast enhancement,
may have been underrepresented or missed during model training. The next phase of this study will
focus on incorporating additional MRI sequences to enable more comprehensive detection of a wider
range of brain pathologies.

While a direct comparison with veterinary radiologists was beyond the scope of this study, it will be
essential for future validation and clinical integration of such models in real-world scenarios. Evaluating
the model’s performance relative to expert clinicians is a critical next step to determine whether it can
match or complement human expertise. These comparisons are vital for defining the model’s potential
role in clinical practice, whether as a decision support tool, a triage system, or an aid for less
experienced clinicians.

In this study, slices with noise, motion artefacts, and incomplete imaging were removed during dataset
preparation to ensure clean inputs for model training. However, in clinical practice, MRI studies
submitted for automated analysis often contain motion artefacts, suboptimal image quality, or missing
sequences. As a result, models developed under controlled research conditions may perform less
reliably when applied to real-world clinical data. Future work should focus on enhancing model
robustness to such variability by incorporating artefact detection modules, implementing quality control
procedures, and training on more heterogeneous, imperfect datasets that better reflect clinical
conditions.

Conclusion
Despite the limitations mentioned, the present CNN model provides a foundation for further exploration
of CNN-based methods in canine brain MRI classification. This study also highlights the value of using
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real-world, multi-institutional data with a broad range of diagnoses to train CNN-based models for
clinical settings. Moreover, distinct patterns in classification performance along the anatomical axes
highlight the need to use explainability tools to verify whether the CNN is focusing on biologically
relevant brain regions. In the medical domain, such tools are essential to build trust, ensure clinical
relevance, and identify potential biases in model predictions. The findings underscore the potential of
deep learning to support diagnostic workflows in veterinary neuroimaging. Future work should prioritise
collaborative data sharing, the use of larger and more balanced datasets, and rigorous external
validation to enhance model generalisability and facilitate clinical integration.
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Figure 1

Schematic illustration of the SepNetDense model architecture. The input is a grayscale image
(128 × 128 × 1) passed through a 3×3 convolutional layer (32 filters). The main building blocks of the
proposed architecture are the Weight Blocks (WB), consisting of a series of depthwise separable
convolution (DSC) layers, with intermediate batch normalization (BN) layers and a residual connection.
The architecture of the WBs is shown on the right side of the image. Every three WBs are followed by a
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MaxPooling layer. At the end, a Dropout layer prevents overfitting, followed by Global Average Pooling
(GAP) and a Fully Connected (FC) layer with two output units to provide the final binary classification
results. It is important to note that the intermediate BN layer from the first DSC block and the
MaxPooling layer from the last WB are removed.

Figure 2

Confusion matrix illustrating the classification performance of the CNN model. The matrix shows the
absolute number of slices labelled as abnormal or normal in the ground truth (y-axis) and predicted by
the model (x-axis). Correct predictions appear along the main diagonal (abnormal/abnormal and
normal/normal), while off-diagonal entries indicate misclassifications.
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Figure 3

Spatial distribution of the slice-wise prediction outcomes after comparison with the ground truth across
all six T1w MRI sequences in the test set, grouped by patient status (normal, abnormal). Each heatmap
displays the classification outcome (true positive, violet; true negative, light blue; false positive, yellow;
false negative, red) for individual slices along the normalized anatomical axis (x-axis). Panels represent:
(a) transverse pre-contrast, (b) transverse post-contrast, (c) sagittal pre-contrast, (d)sagittal post-
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contrast, (e) dorsal pre-contrast, and (f) dorsal post-contrast sequences. Normal patients are
predominantly characterized by true negatives, whereas abnormal patients show dense clusters of true
positives, especially in the central portion of the brain. The number of patients (y-axis) varies across the
sequences due to differences in image acquisition.

Figure 4
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Comparison of slice-wise accuracy across T1-weighed MRI sequences. Overall accuracy differed
significantly between the six sequences (Chi-square test, p < 0.001), with highest performance observed
for sagittal pre-contrast images. Asterisks indicate statistically significant pairwise differences based on
Fisher’s exact tests with Bonferroni correction (p ≤ 0.05).

Figure 5
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Performance of the CNN model for classifying patients as normal or abnormal based on the proportion
of slices predicted as abnormal. (a) Box-and-whisker plot showing that the proportion of slices predicted
as abnormal is significantly higher in clinically abnormal patients than in normal patients (Mann–
Whitney U test, p < 0.0001). (b) Receiver operating characteristic (ROC) curve illustrating how a varying
threshold of slices predicted as abnormal affects the sensitivity and specificity at the patient level. The
area under the curve (AUC) is 0.8508 (p < 0.0001), indicating robust model performance.
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Figure 6

Analysis of factors influencing the classification accuracy of the CNN model. (a) The effect sizes from
ANCOVA reveal that diagnosis and institute are the strongest predictors of model performance. (b) Dot
plot of the accuracy values stratified by diagnosis and institute, assessed by two-way ANOVA. Post hoc
comparisons of diagnoses within each institute were performed using one-way ANOVA with pairwise
post hoc tests with Bonferroni correction. The asterisk indicates a statistically significant difference (p < 
0.05). (c) Scatter plot of the accuracy values stratified by weight and breed size. Due to the significant
interaction in the ANCOVA, the regression analysis was split for small (yellow), medium (red), and large
(green) dog breeds. A significant negative effect of weight on the accuracy of the CNN model was
observed only in large breed dogs.
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