Rapid automated quantification of cerebral leukoaraiosis on CT: 
a multicenter validation study 
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Implications for Patient Care: 
1. Machine learning allowed reliable quantification of common clinically relevant cerebral white matter lesions on CT. 
2. The machine learning method is rapid and robust to images from different centers and across subjects with a wide range of co-existing neuropathologies.

Summary Statement: 
A fully-automated machine learning tool was rapid and robust for quantifying CT cerebral white matter lesions in this multi-center evaluation.  
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Purpose - To validate a fully-automated, machine-learning method (random forest) for segmenting cerebral white matter lesions (WML) on computerized tomography (CT). 
Materials and Methods – A retrospective sample of 1082 acute ischemic stroke cases was obtained, comprising unselected patients: 1) treated with thrombolysis; or 2) undergoing contemporaneous MR imaging and CT; and 3) a subset of IST-3 trial participants. Automated (‘Auto’) WML images were validated relative to experts’ manual tracings on CT, and co-registered FLAIR-MRI; and ratings using two conventional ordinal scales. Analyses included correlations between CT and MR imaging volumes, and agreements between Auto and expert ratings.
Results - Auto WML volumes correlated strongly with expert-delineated WML volumes on MR imaging and on CT (r2=0.85, 0.71 respectively; p<0.001). Spatial-similarity of Auto-maps, relative to MRI-WML, was not significantly different to that of expert CT-WML tracings. Individual expert CT-WML volumes correlated well with each other (r2=0.85), but varied widely (range: 91% of mean estimate; median 11 cc; range: 0.2 – 68 cc). Agreements between Auto and consensus-expert ratings were superior or similar to agreements between individual pairs of experts (kappa: 0.60, 0.64 vs. 0.51, 0.67 for two score systems; p<0.01 for first comparison). Accuracy was unaffected by established infarction, acute ischemic changes, or atrophy (p>0.05). Auto preprocessing failure rate was 4%; rating errors occurred in a further 4%. Total Auto processing time averaged 109s (range: 79 -  140 s).  
Conclusion - An automated method for quantifying CT cerebral white matter lesions achieves a similar accuracy to experts in unselected and multicenter cohorts.

Introduction
Cerebral small-vessel disease is a major cause of age-related physical and cognitive morbidity. It is detected most sensitively by FLAIR-MR imaging (1) as leukoaraiosis, i.e. white matter lesions (WML) and lacunar infarcts. In practice, WML are most commonly observed on CT(2), rather than MR imaging, because of scanner-type availability and accessibility considerations in target populations. In acute stroke and traumatic head injury, CT is the first-line imaging modality of choice(3); yet WML burden is an important variable, being a prognostic marker of functional outcome(4-6) and hemorrhagic transformation of ischemia(4, 7, 8). For dementia, even though MR imaging is well-recognised to be superior in contributing towards diagnosis, CT is often the sole imaging modality used, e.g. as reported by British or Italian audits (9-11).
Assessment of cerebral WML on CT is more challenging than using MR imaging, because characteristics of WML (i.e., hypoattenuation) are less distinctive relative to background white matter on CT(12). Moreover, sensitivity of CT decreases with smaller WML volumes(12, 13), and varies between brain regions(12). Studies measuring inter-rater reliability of expert-based WML ratings show poorer agreement using CT than MR imaging (13, 14) (kappa values ~0.5–0.6 for CT, versus 0.7-0.8 for MR imaging (12, 15)). Furthermore, WML scoring systems typically allow for only a small number of ordinal ratings (3-6(16)), use visual criteria that are imprecise, and do not convert directly to WML volume(14). As such, visual estimates of WML severity, although providing valuable prognostic information(4), have limited sensitivity as diagnostic or disease-progression markers.  
In order to mitigate shortcomings of human-based CT-WML assessments, automated methods have recently been described for this purpose (17, 18). Here we aimed to validate one such method (random-forest (17)) in a multi-center cohort of patients with acute ischemic stroke, by comparison with ‘gold-standard’ FLAIR-MR imaging, and experts’ consensus of CT images. 
 Methods
A. Ethics
The study received ethical approval from Imperial College London Joint Research Compliance Office. Data from Imperial College (IC) originated from a retrospective, unconsented but anonymized, dataset of images acquired solely for routine healthcare purposes(19). Subjects in IST-3 underwent informed consent(20).     
B. Study populations
Since one of the primary potential applications for automated WML estimation is prognostication of acute ischemic stroke, the study focused on this patient population. The test cohorts comprised (Fig. 1A; Table 1): 1) the first CT scan acquisition of all acute ischemic stroke patients presenting to IC Hyperacute Stroke Unit between 2010-14 who subsequently received thrombolysis treatment (IC-thrombolysed, cohort; n=627) – this cohort representing a key potential application for the investigated technique; 2) all acute ischemic stroke patients from IC from the same time-period who underwent both CT and MR imaging within one week of each other (IC CT- MR imaging cohort; n=255; mean scan interval: 2 days; excludes IC-thrombolysed subjects) – for the purpose of validating WML estimation relative to gold-standard MR imaging; 3) a random sample of patients recruited to the Third International Stroke Trial(20) IST-3 cohort n=200 (recruited 2000-2011), from which patients with acute ischemic parenchymal changes according to expert panel (4) were first excluded  - this cohort therefore testing images across a wide range of scanner types and local practices. 
Validation of the automated WML quantification method was assessed by comparison with experts’: 1) manual tracings of WML outlines on CTs and co-registered FLAIR-MR imaging, and 2) ratings using two conventional ordinal qualitative CT-WML scoring systems – Wahlund (12) and van Swieten (15). For the tracing study, 60 CTs were selected randomly from the IC-thrombolysed cohort, and 60 from the IC CT-MR imaging cohort, using Matlab randomization, whilst ensuring equal proportions of absent/mild, moderate and severe WML (based upon expert ratings). For the ratings study, ratings were obtained on all subjects from the IC-thrombolysed cohort, and CT-MR imaging and IST-3 subsets (Fig. 1A) 
CT images used for validation from IC were derived from three types of CT scanner (Appendix, Table 1);  and comprised a range of slice thicknesses (voxel resolutions: 0.4 x 0.4 x [1 – 7] mm), that in 70% of cases differed between the top- and bottom-halves of the brain (i.e. two image files per patient); and in the remainder, were uniform volumetric images. Variations in acquisition reflected changes in local practice over five years. IST-3 cohort CT images used for validation originated from 73 centers across 10 countries (Appendix Table 2), with a voxel resolution range of [0.4-0.6] x [0.4-0.6] x [1-11] mm. 
C. Automated WML quantification method
Cerebral WML were segmented from CT images using a supervised machine learning method, based upon random forests, as described previously(17, 21). Briefly, a training model was derived from expert manual tracings of CT WML (leukoaraiosis including areas with lacunar infarcts(2)). These were taken from 90 representative slices, of 50 subjects, showing moderate or severe WML, selected from a pool of 1,000 acute ischemic stroke CT images from a single stroke center (Appendix, Table 1). Test-validation images used in the current study originated from other centers (except in 2/1082 cases). Increasing the number of training slices, or using alternative experts, did not influence model accuracy significantly(17). From these images, 106 multiscale patches were generated randomly, classified according to whether the central pixel is labelled WML or not, enabling a random-forest classifier to be constructed(22). For test images, the classifier generates a voxelwise WML probability map, modified by a prior probability map of cerebral WML location. The latter was generated from a cohort of 277 expert WML drawings on FLAIR- MR imaging (23) (different to those used for validation) normalized into a common space. Optimization of probability thresholds for WML classification is performed with reference to the training set of 90 WML delineations. WML lesion volume is calculated from the sum of suprathreshold WML voxels. 
For comparison with ordinal rating scores, Auto-estimated WML volume was thresholded into ranks equivalent in number to the score system(12, 15) used by experts (4 or 3; see also next section). Thresholds were derived from both an unsupervised histogram method (for Wahlund rating(12) validation); and a supervised method using ratings from half the dataset to optimize thresholds for the other half (for van Swieten(15) rating method: these were excluded for validation testing of Auto ratings; but all cases were used for correlations of ratings with Auto volumes). 
Images used for training and testing were first converted from DICOM to nii format,  resampled into a common dimensional space (allowing for differences in slice thickness within and between images), skull-stripped, and co-registered into a common template space(24) (Fig. 1B). 
D. Expert WML manual tracings and ratings
Experts were neuroradiologists or stroke physicians with >5 years of regular stroke experience. Those who performed validation tracings or ratings were different to those who contributed to model training.  Clinical details of each case were not provided to experts. Experts were trained in WML rating scores and/or digital lesion tracings prior to their assessments. Digital tracings were performed using MRICroN software (www.mccauslandcenter.sc.edu/crnl/mricron/), wherein CT window settings could be adjusted by the expert to their own preference. FLAIR-MR images were also annotated for WML, after first being aligned with each patient’s contemporaneous CT(24), so as to minimise CT/MR imaging differences in WML appearances caused by variations in slice orientation. CT WML ratings used either the Wahlund(12) or van Swieten(15) scoring systems, reflecting 4 or 3 grades of WML severity respectively. For the Wahlund system, experts were asked to record the median WML score across frontal, parieto-occipital and temporal regions(12).  For the van Swieten system, anterior and posterior scores(15) (3 grades each) were averaged and rounded upto the nearest integer. CT drawings and ratings were performed by three experts for each case, drawn from a pool of 3-13 for each experiment (Table 1), allowing a consensus to be deduced for WML volume and rating score (mean and median respectively). Comparisons between each combination of rater pairs was performed to identify any experts who differed significantly (p<0.05) in their performance. A consensus was derived from three experts for presence of co-existing CT abnormalities, including atrophy graded by a standardised system (25). 
E.    Validation tests
From expert tracings of cerebral WML on CT or MR imaging, total lesion volume was calculated, and correlated with Auto-estimated WML volume, using Spearman’s correlation. Comparisons of Spearman correlation coefficients were performed using bootstrap sampling for overlapping samples; and Fisher Z transformation for non-overlapping samples. For assessment of volume agreements, intraclass correlation coefficients were calculated (see Appendix Table 3). WML tracings were also compared with Auto segmentations for spatial similarity with MR imaging -WML tracings, using patch-based evaluation of imaging similarity (PEIS), that is an unbiased version of the Dice score(26, 27); and tested for group differences with the signed-rank test. Agreements between Auto versus expert ratings were assessed with linear weighted-kappa scores (kw), while comparisons between agreements were tested with validated bootstrap methods(28). Statistical analyses were conducted in Matlab vR2012b.
Results
Image pre-processing 
Image pre-processing failures occurred in 39/882 hospital-derived CTs, and 4/200 trial-derived CTs (3.98% total failure rate; Fig. 1). Inspection of these cases identified poor image quality, due to inappropriate intensity windowing (n=4), extreme head tilt (4), extensive movement (4), incomplete brain coverage (3), or beam-hardening artefact (3) in 18/43 (42%). Pre-processing time took 77.3s (± 25s; mean ±95% confidence intervals). Median age in the four study samples was 76, 76, 75 and 82 years (overall range: 26 – 101; Table 1). Sample size, and proportions with acute ischemic changes /old infarcts, proceeding to analysis were 120 (19%/38%), 60 (22%/38%), 650 (36%/42%) and 196 (0%/59%) (i.e. numbers with acute ischemia or old infarcts were 257 and 319 respectively). 
 
Manual tracing validation
WML volumes estimated using Auto correlated closely with those derived from expert CT- tracings (n=120, r2: 0.710; Table 2 Study 1, Fig. 2A). Correlation between expert CT-volumes themselves was higher (r2: 0.845; ∆r: p=0.066), but the range of expert CT-volumes per scan was wide (median range: 91% of mean expert estimate; IQR: 55-148%; shown as vertical lines in Fig. 2A). 
Correlation of Auto WML volumes with expert drawings of WML volumes improved when the latter were based upon coregistered FLAIR-MR imaging (r2: 0.850), than CT (∆r: Z=3.8; p<0.001; Table 2 Study 2); and was comparable to the correlation between expert-CT versus expert-MR imaging WML volumes (r2 0.819; ∆r: p>0.1; Fig. 2B; examples shown in Fig. 3). Auto-volumes of WML were more conservative than experts’, being lower than the lowest of three expert estimates in 43% (p<0.001), and taking 61% the value of mean expert CT-volumes (IQR: 40-112%). This is also seen as a lower absolute agreement of Auto than experts’ tracings, comparing with MR imaging volumes (see Appendix Table 3). However, spatial similarity(26, 27) between Auto WML and expert MR imaging-WML tracings (median PEIS: 0.527, IQR: 0.481-0.565) was not significantly different to that between expert CT-WML and MR imaging-WML tracings (median PEIS: 0.542; IQR: 0.489-0.583;  signed-rank test, Z=1.3; p>0.1). Auto under-labelling typically arose in more peripheral zones, due to lower weighting by the prior WML probability map (17) (e.g. Fig. 3 yellow asterisk). While such false-negative errors were committed less by some experts (see equivalent area shaded red), this tended to be at the cost of committing false-positive errors in other cases (e.g. Fig. 3 orange asterisks).
Strength of correlation between Auto CT and expert drawings (CT or MR imaging) were not significantly influenced by age, sex, or co-existence of the following commonly-associated CT features: acute ischemic change, old infarct, central or peripheral atrophy, or other lesion (Z≤2.3, p>0.05 corrected; Table 1 lists frequencies of these features; see last example in Fig. 3 of WML segmentation adjacent to a co-existing old territorial infarct). 
Expert tracings took a median of 7.9 minutes per image (IQR: 6.9 – 9.4), whereas Auto method (after pre-processing) took a median of 32s (95% CIs: 31-33s) per scan. Correlation coefficients between rater pairs (CT-CT or CT-MR imaging) were not significantly different from one another (∆r: p>0.1 corrected). 
Ordinal rating validation
Agreement between Auto-derived ratings (i.e. thresholded WML-volume estimates) and individual experts’ ratings, using the Wahlund system(12), was moderate (kw=0.529), but not significantly different to agreements between expert pairs (kw=0.506; ∆kw p>0.10; n=650; Table 2 Study 3). However, agreement between Auto and expert consensus (kw=0.599) was superior to agreements between expert pairs (∆kw p<0.001; Fig. 4A). Correlations of Auto WML volume with expert ratings was also greater using consensus (r2=0.582), than individual expert ratings (r2=0.506; ∆r: p<0.001).
Using the alternative van Swieten grading system(15), inter-expert agreements were higher (kw=0.665) than using the Wahlund system (∆kw p<0.01), and also higher than the agreement between Auto method and individual experts (kw=0.571;  ∆kw p<0.05). However, inter-expert agreement was not significantly different to the agreement between Auto and expert consensus (kw=0.636; ∆kw p>0.10; Table 2 Study 4). Correlations between Auto WML volume and expert-consensus van Swieten ratings (r2=0.606) were greater than Auto WML volume versus individual-expert van Swieten ratings (r2=0.571; p<0.01), but did not differ to that between Auto WML volume and expert-consensus Wahlund ratings (p>0.10).   
The proportion of cases in which Auto rating was >1 point different from expert consensus, i.e. strong disagreement, was 0.046 (30/650), and 0.020 (2/100), for Wahlund and van Swieten ratings, respectively (representing 72% false positives, and 28% false-negatives; outliers in Fig. 4B, D). 
Inter-rater agreements between any particular expert pairs, using either rating system, did not differ significantly from one another (p>0.05). Time-charts of raters (for Wahlund ratings) suggested that 30 scans took ~45-60 minutes to rate, i.e. about 1.5 to 2 minutes each in total (including image-file selection, contrast adjustment, and judgements of three cerebral locations).
Discussion
We validate a machine-learning software, enabling accurate, fully-automated, and rapid quantification of cerebral leukoaraiosis (WML) on CT, in large, unselected and multicenter samples. The automated method (Auto) performed similarly to detailed, expert CT WML delineations – both in terms of lesion volume and spatial similarity - relative to a gold-standard of expert delineations of white-matter hyperintensities on coregistered T2-FLAIR images(1). Additionally, by thresholding Auto-WML volumes into ‘ratings’, agreements with experts’ CT-WML visual ratings were similar to those comparing agreements between expert pairs themselves. In the largest cohort, agreement was greater for comparisons of Auto versus expert consensus ratings, than versus individual expert ratings (or agreements between expert individuals themselves) - which supports Auto, given that consensus opinions generally lie closer to the truth(29). Images comprised a range of image resolutions, scanner and hospital origins, different to that which contributed training images – indicating the technique’s robustness. Furthermore, accuracy of Auto WML estimation was not hindered by common, co-existing hypoattenuating lesions e.g. acute ischemia, territorial infarcts, or atrophy.    
At the same time, our study confirmed previous findings that standard visual-inspection methods for CT-WML estimation result in relatively modest interrater agreement(12-15). This was also suggested by expert CT WML delineations ranging widely in volume. By contrast, the automated method always results in the same estimate of WML volume for a given subject, potentially enabling more reliable diagnostic and prognostic models to be developed.  
A further asset of the automated method is that total processing time averaged 109 s (range: < 3 minutes). Considering that images originated from a number of centers, and CT-scanners, this performance metric suggests that the automated method could be used widely in emergency-rooms for rapid WML estimation. Our algorithm has now been incorporated within a browser-based, graphic-user interface, and interfaces with our hospital’s picture archiving and communication system (PACS). .
Notwithstanding the automated method’s advantages, we also draw attention to its limitations. CT images could not be processed in ~ 4% of cases; these were only partially accountable by poor image-quality issues. Additionally, among images that were processed, significant errors were made (>1 point from consensus rating) in 4%. Although smaller discrepancies with consensus (within ±1 point from consensus rating) were made in ~30% of cases, it is noteworthy that expert ratings were based judging categorical features (e.g. focal versus confluent lesions) that are not directly proportional to lesion volume. Hence a better judge of Auto method’s accuracy is measuring discrepancy of automated estimates from volumes of expert manual tracings. While Auto-versus-expert tracing correlations were strong, there is also a consistent underestimation of Auto WML volume relative to expert volumes. The fact that this underestimate was of a predictable size relative to the ground-truth of MR imaging-estimated WML, suggests a suitable scaling factor could be applied. Furthermore, the fact that Auto WML segmentations spatial similarity to MR imaging-WML was not significantly different to experts’ CT annotations, despite the former being smaller, indicates that additional areas annotated by experts are not as accurate as the core areas identified by both Auto and expert. This can be seen in the examples we provide, where areas further away from the ventricles tend to be under-reported by Auto, but over-reported by (some) experts.
The main reason for wishing to quantify WML on CT, rather than MR imaging, is practicality. CT is the principle neuroimaging modality for emergencies such as acute stroke(3), and head trauma; and is in some settings the sole imaging technique for investigation of dementia(9-11). CT-analytic software have been developed recently which aim to delineate territorial infarcts (30), and acute ischemia(31), or to predict hemorrhagic transformation after ischemic stroke(19). One promising application for WML quantification is treatment-selection for acute ischemic stroke, given that cerebral WML load predicts poor functional outcome(4, 5) and intracranial hemorrhagic (ICH) transformation(7, 8). Currently though this CT-imaging predictor, and others e.g. acute ischemia, have not been found to interact with revascularization therapy in their association with ICH – and therefore are not recommended for treatment stratification(4, 32). Since automated CT feature extraction offers a reduction in variable noise relative to expert ratings, it would be interesting to explore whether precise lesion-segmentation methods can identify treatment-specific ICH or functional outcomes. More generally, WML quantification may be important in diagnosing, grading and monitoring vascular dementia; and for prognosis after head injury(6). 
The main limitation of our study is that by focusing on ischemic stroke, we have not assessed the technique’s robustness in other potential clinical scenarios where WML quantification may be relevant e.g, intracranial hemorrhage(34), which would need to be tested further. 
In summary, automated CT-WML quantification enables reliable and precise parameterization of a common biomarker of cerebral small-vessel disease. 
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Tables

Table 1: Sample characteristics of four validation studies
	
	Manual-tracing studies
	Ordinal rating studies

	
	CT  only 
	CT-MR imaging pairs 
	Wahlund Score
	van Swieten Score

	Cohort size (N1)1
	255+627
	255
	255+627
	200

	Failed to process (Nf)1
	39
	2
	39
	4

	Test size (N2)1
	120
	60
	650
	196

	Population description
	Random selection of patients presenting to acute stroke ward; equal proportions of WML severity: 
absent-mild/moderate/severe
	All, unselected thrombolysed patients (+ CT-MR imaging pairs cohort)
	Random selection of participants from, thrombolysis trial IST-35

	Male (%)
	52
	58
	54
	45

	Age (median, IQR)
	76 (66-85)
	76 (67-84)
	75 (63-82)
	82 (77-86)

	Male Age 
(median, IQR)
	70 (65-82)
	73 (66-82)
	70 (59-79)
	81 (76-85)

	Female Age *
(median, IQR)
	77 (69 – 86)
	77 (67-86)
	78 (68-85)
	83 (80-87)

	CT features:-
	
	
	
	

	- acute parenchymal   
   ischemia (%)
	19
	22
	36
	0

	- old infarcts (%)
	38
	38
	42
	59

	- central atrophy2 (%)
	72
	75
	67
	87

	- peripheral atrophy2 (%)
	82
	87
	75
	85

	- other lesions3 (%)
	6
	8
	5
	0

	Expert Raters (n)4
 – pool number
	3
	3
	6
	13

	 – per scan
	3
	3
	3
	3


WML: white matter lesions. IST-3: International Stroke Trial -3. IQR: interquartile range.
1 Sample sizes here refer to the initial cohort N1, from which Nf images failed processing; with all the remainder proceeding to test (N2), except that in the manual tracing studies, this was pared down to 60 by random selection (whilst ensuring equal proportions of absent/mild, moderate and severe WML cases) since tracings were labour intensive. Demographic information presented below refers to test samples N2.
2 using atrophy grading system described in (25). 
3 e.g. hydrocephalus, arachnoid cyst, meningioma, aneurysm, haemorrhage. 
4 Authors: ALCJ, RP, AG, JG, AD, AB, AM, JW, PB, (median and range of experience of stroke imaging interpretation: 8, [6 – 30+] years) as well as adjudicators listed in ref. (4)). In the Wahlund study, the test set was halved with each hemi-set graded by a different expert trio. In the van Swieten study, one of the ratings was that made pre hoc for the purpose of that study, by a random selection of one out of 10 experts for each image.
5 patients with acute ischemic parenchymal changes were excluded in advance.
* Females were older than males in the following validation samples: CT only (p<0.05); Wahlund (p<0.001) and van Swieten (p<0.01), based upon ranksum tests.


Table 2: Performance of Auto in four validation studies
	Validation
Study
	Expert drawings vs Auto volumes

	
	Correlation of lesion volume between:-
	r2
	95% C.I.

	1. CT only
	Auto versus Expert-consensus CT lesion volumes 
(mean of 3)
	0.710
	0.557-0.837

	
	Expert CT drawings between themselves (x3)
	0.845
	0.782-0.879

	
	WML vols.* (cc): Auto: 9.3 (2.3-20.1), Expert-consensus: 14.9 (1.5-37.2)

	2. CT & MR imaging pairs

	Auto versus Expert-consensus MR lesion volumes (mean of 2) 
	0.850
	0.733-0.909

	
	Expert CT drawings with Expert MR imaging drawings
	0.819
	0.712-0.869

	
	Expert MR drawings between each other (x2)
	0.937
	0.841–0.977

	
	All correlations are significant at p<0.001
95% confidence intervals based upon 1000 bootstrap samples

	
	WML vols.* (cc): Auto: 9.3 (2.8-19.6), Expert-consensus: 16.6 (4.1-40.4);
                            FLAIR-MRI: 45.6 (23.5-71.3)

	
	Expert score ratings vs Auto score ratings (thresholded volumes) or 
Expert score ratings vs absolute Auto volumes

	
	Agreement (weighted Kappa) of WML score ratings between:-
	kw
	Range

	3. Wahlund
Score (ordinal ratings: 0-3)
	       Experts amongst themselves (x6) [see Fig. 4A.]
	0.506
	0.473-0.552

	
	       Auto versus Experts (individuals)
	0.529
	0.465-0.579

	
	       Auto versus Expert (consensus)   [see Fig. 4B.]
	0.599
	0.586-0.611

	
	Correlation of Expert WML score rating and Auto volume
	r2
	95% C.I.

	
	       Expert individuals
	0.506
	0.447-0.553

	
	       Expert consensus
	0.582
	0.520-0.638

	4. Van Swieten Score (ordinal ratings: 0-2)
	Agreement (weighted Kappa) of WML score ratings between:-
	Kw
	Range

	
	       Experts amongst themselves (x3) [see Fig. 4C.]
	0.665
	0.648-0.674

	
	       Auto versus Experts (individuals)
	0.571
	0.534-0.597

	
	       Auto versus Expert (consensus)   [see Fig. 4D.]
	0.636
	0.517-0.747

	
	Correlation of Expert WML score rating and Auto volume
	r2
	95% C.I.

	
	       Expert individuals
	0.571
	0.467-0.657

	
	       Expert consensus
	0.606
	0.504-0.690


*  White matter lesion volumes: median (interquartile range). C.I. Confidence Intervals.
Figure Legends

Figure 1. Flow-chart of validation cohorts (A.), and image-processing (B.) steps. N1 refers to cohort sample size, and N2 to final testing sample size.

Figure 2. A : Correlations of Auto WML volumes with Expert drawings on CT. Each of three experts is indicated by a ‘X’, with a connected line showing range of expert values. B : Correlations of gold-standard WML volumes (expert drawings on FLAIR-MR imaging) with Auto-estimated volumes (blue squares), and expert drawings on CT (each of 3 experts marked by ‘X’; range shown by vertical line). Line of equality shown in each case, indicating that estimated WML volumes for any one patient tend be in order: Auto WML < expert CT-WML < expert MR imaging-WML.

Figure 3: Examples of CT-WML delineations by Auto method and Expert drawings (three colors represent specific experts’ annotations). The final column shows WML on co-registered FLAIRs that were also delineated by experts (not shown here) and provided the ground-truth. Yellow asterisk shows an area where Auto commits a false-negative error; which tend to be more peripheral. While one of the experts (red shaded area) correctly labelled this area, the same expert also tends to commit false-positive areas (orange asterisks in second and fourth cases). 

Figure 4. Agreement plots of expert-expert and Auto-expert consensus for two CT-WML scoring systems. Auto score based upon thresholding of Auto-delineated WML volumes.


