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Abstract. Evaluation of the performance and limitations of medical imaging algorithms is essential to estimate their impact in social, economic or clinical aspects. However, validation of medical imaging techniques is a challenging task
due to the variety of imaging and clinical problems involved, as well as, the difficulties for systematically extracting a reliable solely ground truth. Although specific validation protocols are reported in any medical imaging paper, there are
still two major concerns: definition of standardized methodologies transversal to
all problems and generalization of conclusions to the whole clinical data set.
We claim that both issues would be fully solved if we had a statistical model
relating ground truth and the output of computational imaging techniques. Such
a statistical model could conclude to what extent the algorithm behaves like the
ground truth from the analysis of a sampling of the validation data set. We present
a statistical inference framework reporting the agreement and describing the relationship of two quantities. We show its transversality by applying it to validation
of two different tasks: contour segmentation and landmark correspondence.
Keywords: Validation, Statistical Inference, Medical Imaging Algorithms.

1 Introduction
Researchers agree that validation of medical imaging algorithms is essential for supporting their validity and applicability in clinical practice [1]. Although validation is
addressed in any medical imaging paper, there is no consensus in the statistical and
mathematical tools required for standardized quantitative analysis [2, 3, 1, 4]. Given the
diversity of imaging tasks and final clinical applications, techniques are prone to be
validated using specific protocols, not easily extendable to a unifying general framework [1].
A validation protocol should face two main challenges: extracting ground truth (GT)
and defining a metric quantifying differences between GT and the algorithm output
(AO). A main difficulty in medical imaging is that GT might not be always available or
might vary across observers [5]. The first case is common in image registration tasks,
since the deformation matching images might not be easily extracted from in vivo cases.
Current solutions, base validation on either synthetic experiments or correspondence of
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anatomical landmarks [6]. The realism of synthetic databases might be too low for
generalization of conclusions to clinical data [5]. It follows that, in real data, a verification based on structures (landmarks) correspondence is usually required. Variability
in GT typically arises in segmentation tasks, due to discrepancies across manual tracers. This implies that an analysis of automated errors might not reflect, by its own, the
true accuracy of segmentations, since variations might be caused by a significant difference among expert models. A standard solution [7] is comparing automated errors to
the variability among different manual segmentations. Concerning comparison between
GT and automatic computations, several metrics can be considered. For landmark correspondence, the difference in positions is the accepted goodness measure [6], while for
contour segmentation [8, 3] differences can be measured by means of area overlap or
distances between contours. The counterpart of these metrics is that they assess complementary quality scores and, thus, several quality measures need to be considered.
Two major concerns still remain: 1) defining the subset of scores best reflecting accuracy for clinical application and 2) whether the results of validation tests are generalizable to all clinical data. We claim that a validation protocol assessing to what extent an
image processing algorithm can substitute the manual interaction would address both
issues. In this context, validation should report the agreement between AO and GT, as
well as, a model describing the relation between both quantities.
Agreement between observers can be assessed by means of Bland-Altman plots or
regression analysis. Bland-Altman [9] measures this agreement by analyzing the variability of their differences. In the case of disagreement, Bland-Altman fails to either
describe or report the degree of disagreement [10]. Regression analysis provides a (linear) statistical model of the relation between two quantities. Existing techniques usually
only report regression coefficients (slope and intercept) and correlation. Given that correlation only reports the degree of linear dependence between both quantities, a high
correlation does not imply that the variables agree [10]. In order to explore agreement,
one should consider the slope and intercept of the regression model, since they describe
the relation between the two variables. However, even in the case of a perfect relation
(identity), the regression coefficients alone are not sufficient to ensure that the quantities
can be swapped. The slope and intercept describe the behavior of the specific sample we
are analyzing, but they do not allow to generalize conclusions to the whole population.
The only way to obtain generalizable conclusions is by means of statistical inference.
We present a statistical inference framework for assessing how well two methodologies performing the same task behave equally and can replace one each other. We define
a regression model for predicting the performance of an image processing algorithm in
clinical data from a subset of validated samples. Our model is applied to two main
tasks involved in medical image processing: detection (registration) and segmentation
of anatomical structures. Experiments on vessel wall segmentation show the correlation
between our model and standard metrics. Meanwhile, experiments on cardiac-phase
detection illustrate its versatility for assessing difficult tasks.

2 Inference Model
We note by GT the ground truth we want to substitute and AO, the algorithm output.
Their nature is prone to vary depending on the particular problem we are facing:
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1. Segmentation. Image segmentations produce a (continuous) contour enclosing the
area of interest. Therefore, GT = GT (t) = (GT1 (t), GT2 (t)), AO = AO(t) =
(AO1 (t), AO2 (t)) are curves parameterized by a common parameter t ∈ [0, 1].
2. Detection. In detection tasks, the output is a (finite) list storing the positions of k
corresponding landmarks. Thus, GT = {GT i }ki=1 , AO = {AOi }ki=1 , for GT i =
(GTji )nj=1 , AOi = (AOji )nj=1 points in Rn , where n=1,2,3 is the dimension of the
data domain.
Our final goal is to control (predict) the values taken by GT from the values taken
by the alternative measure AO. In inference statistics, this is achieved by relating both
quantities using a regression model.
2.1 Regression Model
The linear regression of a response variable y over an explicative variable x is given by:
Y = Xβ + 

(1)
⎛

⎞

1 x1
⎜ .. .. ⎟
for β = (β0 , β1 ) the regression parameters, X = ⎝ . . ⎠, Y = (y1 , · · · , yN ) a
1 xN
sampling of x, y and  = (ε1 , · · · , εN ) an uncorrelated random error following a multivariate normal distribution, N (0, Σ 2 ) of zero mean and variance Σ 2 = σ 2 Id.
The parameters of the regression model (1) are the regression coefficients β =
(β0 , β1 ) and the error variance σ 2 . The regression coefficients describe the way the
two variables relate, while the variance indicates the accuracy of the model and, thus,
measures to what extent x can predict y.
Given that, in our case, the inference is over GT , our model is:
GTi = β0 + β1 AOi + εi

(2)

N
for (GTi )N
i=1 , (AOi )i=1 samplings of GT and AO obtained for each task as:

1. Segmentation. In the case of contours, the sampling is given by the coordinates of
a uniform sampling of each of the curves:
N
N
(GTi )2N
i=1 = (GT (ti ))i=1 = (GT1 (ti ), GT2 (ti ))i=1
2N
N
(AOi )i=1 = (AO(ti ))i=1 = (AO1 (ti ), AO2 (ti ))N
i=1

for ti = i/N , i = 1 : N . In order to have pair-wise data, samplings are taken using
a common origin of coordinates.
2. Detection. In this case, the sampling of the two variables is given by:
=nk
(GTi )N
= (GT i )ki=1 = ((GTji )nj=1 )ki=1
i=1
N =nk
(AOi )i=1 = (AOi )ki=1 = ((AOji )nj=1 )ki=1

Pair-wise data is obtained by using the same scanning direction in images for sorting the vector of landmarks.
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For a sample of length N , the regression coefficients, β = (β0 , β1 ), are estimated by
least squares fitting as:
β = (X T X)−1 X T Y
(3)
for X and Y as in eq. (1) and T denoting the transpose of a matrix.
The difference between the estimated response, yi = β0 + β1 xi , and the observed
response yi , ei = yi − yi , are called residuals. Their square sum provides an estimation
of the error variance:
e2i
SR = σ
2 =
n−2
Previous to any kind of inference, it is mandatory to verify that the estimated parameters make sense. That is, whether it really exists a linear relation between x and y. By
the Gauss-Markov theorem, such linear relation can be statistically checked using the
following F-test [11]:
T M : H0 : β1 = 0 , H1 : β1 = 0

(4)

where a p − value close to zero (below α) ensures the validity of the linear model with
a confidence (1 − α)100%.
2.2 Prediction Model
In order to predict the values of GT from the values achieved by AO, we use the
regression prediction intervals [11]:
P I(x0 ) = [LP I (x0 ), UP I (x0 )]
since, for each x = x0 , they provide ranges for y at a given confidence level 1 − α.
That is, given x0 , the values of the response y are within LP I (x0 ) ≤ y ≤ UP I (x0 ) in
(1 − α)100% of the cases.
Given x0 = AO0 , the confidence interval at a confidence level (1-α) predicting GT
is given by:
P I(x0 ) = [LP I (x0 ), UP I (x0 )] = [y0 + tα/2 SR

1 + h0 , y0 − tα/2 SR

1 + h0 ]

for tα/2 the value of a T-Student distribution with N − 2 degrees of freedom having
a cumulative probability equal to α/2 and h0 = (1 x0 )(X T X)−1 (1 x0 )T = a0 +
a1 x0 + a2 x20 . Prediction intervals achieve their minimum range at the average x and
their maximum range at their extreme values xMin, xMax.
A prediction interval within a given precision, UP I (x) − LP I (x) ≤ , ∀ x, indicates
that the regression model predicts GT with high accuracy and, thus, AO is a good candidate for substituting GT . The alternative quantity can substitute GT in the measure
that the identity line is within the range given by the prediction interval P I(x). Otherwise, AO presents a systematic bias from the reference, which might be corrected using
the regression coefficients. The slope, β1 , is associated to a scaling factor (unit change),
while the intercept, β0 , is a constant bias.
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The identity line is in the range of the prediction interval P I(x) with a given precision, , if and only if (P I(x) − x) ⊂ (−, ), ∀ x. This requirement is fulfilled if the
following conditions hold:
CP1 : max(LP I (x) − x) ≤ 0 ≤ min(UP I (x) − x)
CP2 : max(UP I (x) − LP I (x)) ≤ 2

(5)

The first condition ensures that variables can be swapped with a confidence of (1 − α),
while the second assesses the accuracy of the swapping. We note that the above conditions can also be formulated in terms of an identity test for the regression coefficients.

3 Results
We have chosen the following applications for each task:
1. Vessel Wall Segmentation in Intravascular Ultrasound Sequences. We have applied our model to the validation of the adventitia wall detection reported in [12] in
order to compare the regression-prediction assessment to standard metrics (mean
distance, noted by MeanD). We have considered two sequences of 300 frames each
manually segmented every 20 frames (15 samples). One case (C1) has a low error
and the other one (C2) a poor performance of the automatic method.
2. Cardiac Phase Detection. We have applied our model to assess replacing ECG
signal sampling by manual sampling of longitudinal cuts of IntraVascular UltraSound sequences [13]. Comparison of cardiac phase samplings is a difficult task
because it should not penalize constant shifts associated to a sampling of a different fraction of the cardiac phase. We have considered 3 sequences between 378
and 1675 frames long and acquisition rate between 10 and 30 fps. The first case
(C1) is a short segment (378 frames) acquired without pullback. The other two are
a (visually) good and bad acquisitions (C2 and C3, respectively).
Our goal is by no means validating the performance of alternative methods, but to
show the benefits of regression-prediction models for performance evaluation. To such
end, we have assessed the validity of the linear model (given by SR and T M test), as
well as, its prediction value (given by CPi , i = 1, 2). Positions are given in mm.
Tables 1 and 2 report regression parameters and predictive value for each task and, in
the case of segmentation (table 1), we also report the range (computed for 300 frames)
of the metric MeanD in the last column. For the regression model, we report the p −
value for T M test, confidence intervals for β0 , β1 and SR . For the prediction model,
we give the interval for the interchangeability condition, CP1 , and the accuracy  in
mm, CP2 . In the case of detection, CP1 has been computed for x + β0 instead of x in
order to account for constant shift in samplings.
For all cases and tasks, there is a clear linear relation between GT and the image
processing AO (with p close to the working precision). For the segmentation task (table
1), C1 has an accurate √
regression model close to the identity line. The squared root
of the model accuracy ( SR = 0.1224) agrees with MeanD ranges computed for the
15 manually segmented samples. Concerning predictive value, manual and automatic
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Table 1. Regression-Prediction Model for Vessel Wall Segmentation
Regression Model
Prediction Model
Distance
TM
β1
β0
SR
CP1
CP2
MeanD
C1 ≤ 10−308 1.009 ± 0.002 0.063 ± 0.001 0.015 (-0.072,0.280) 0.200 0.105 ± 0.018
C2 ≤ 10−308 1.001 ± 0.006 0.229 ± 0.029 0.221 (-0.561,0.899) 0.822 0.365 ± 0.171

Table 2. Regression-Prediction Model Scores for Cardiac Phase Detection
Regression Model
TM
β1
β0
C1 ≤ 10−308 0.998 ± 0.002 0.018 ± 0.038
C2 ≤ 10−308 0.997 ±7.5e−4 -0.284± 0.026
C3 ≤ 10−308 0.966 ±0.004 0.792 ± 0.255

Prediction Model
SR
CP1
CP2
0.004 (-0.113 ,0.047) 0.113
0.003 (-0.096,0.001) 0.094
0.662 (-1.454,-2.449) 1.362

Fig. 1. Regression Model and Prediction Intervals for Vessel Wall Segmentation

contours can be swapped for the whole sequence with high accuracy. For C2, the model
is a translation of the identity and the fitting is worse. This indicates severe contour
misalignment (see right
√ image in fig. 1). We observe that in this case the squared root
of the fitting error ( SR = 0.4701) also agrees with MeanD ranges. Although the
two variables can be swapped (both measure the same [10]), the low accuracy of the
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Fig. 2. Regression Model and Prediction Intervals for Cardiac Phase Detection

prediction advises against swapping them. For the detection task (table 2), C1 and C2
present an accurate regression model close to the identity line and a good predictive
value. The non-zero intercept of C2 is due to a constant shift in manual samplings (see
left image in fig. 2). Concerning C3, both, the regression model and the predictive value,
present very bad scores and the samplings cannot be swapped (CP1 does not hold).
Figures 1 and 2 show the regression-prediction plots for vessel wall segmentation
and cardiac phase sampling, respectively. Each plot shows the point cloud AO (x-axis)
versus GT (y-axis), the regression line in black solid, P I limits in dashed black and the
identity line AO = GT in red. In the case of vessel wall segmentation (fig. 1), we show
a representative frame with manual (solid white) and automated (dashed yellow) contours, while for cardiac phase sampling (fig. 2) we show a longitudinal cut with ECG
(yellow lines) and manual (cyan lines) samplings. For segmentation cases, the deviation of the identity line from the regression model is similar in both cases, though the
range of the prediction interval is substantially larger for C2. This increase in error is
reflected in the visual quality of the segmentation shown at the right bottom image. Regarding detection plots, visual inspection of the longitudinal sampling for C2 reasserts
the agreement up to a constant shift reflected by the thin prediction interval in top left
plots. For C3, the identity line traverses prediction interval upper bound as suggested by
CP1 interval. The prediction model coincides with the erratic relation between manual
and ECG samplings observed in the left bottom image.

4 Conclusions and Future Work
Standardized validation of medical imaging algorithms allowing generalization of conclusions to clinical data is a challenging task not fully solved. We have approached
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validation from the point of view of statistical inference. In this context, we use a regression model for assessing to what extent GT and AO can be swapped and a prediction
model for inferring conclusions to the whole population. Experiments on a segmentation task are a good proof of concept of the capability of the framework for assessing
performance, while experiments on a detection task illustrate its versatility.
The framework presented in this paper can be applied to explore the performance
from a relatively small test set. In order to fully generalize results to the whole clinical
data involved in each task, we should consider a general regression model with random
effects in order to account for variability across acquisitions. Also, in order to fully
validate their capability for assessing performance, we are running our methods on the
whole data set and metrics used in [12].
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12. Gil, D., Hernàndez, A., Rodriguez, O., Mauri, J., Radeva, P.: Statistical strategy for
anisotropic adventitia modelling in IVUS. IEEE Trans. Med. Imag. 25(6), 768–778
(2006)
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