
European Journal of Nuclear Medicine and Molecular Imaging Vol. 30, No. 7, July 2003

Abstract. The purpose of this study was to assess the
value of the ventilation study in the diagnosis of acute
pulmonary embolism using a new automated method. 
Either perfusion scintigrams alone or two different com-
binations of ventilation/perfusion scintigrams were used
as the only source of information regarding pulmonary
embolism. A completely automated method based on
computerised image processing and artificial neural net-
works was used for the interpretation. Three artificial
neural networks were trained for the diagnosis of pulmo-
nary embolism. Each network was trained with 18 auto-
matically obtained features. Three different sets of fea-
tures originating from three sets of scintigrams were
used. One network was trained using features obtained
from each set of perfusion scintigrams, including six
projections. The second network was trained using fea-
tures from each set of (joint) ventilation and perfusion
studies in six projections. A third network was trained
using features from the perfusion study in six projections
combined with a single ventilation image from the poste-
rior view. A total of 1,087 scintigrams from patients with
suspected pulmonary embolism were used for network
training. The test group consisted of 102 patients who
had undergone both scintigraphy and pulmonary angiog-
raphy. Performances in the test group were measured as
area under the receiver operation characteristic curve.
The performance of the neural network in interpreting
perfusion scintigrams alone was 0.79 (95% confidence
limits 0.71–0.86). When one ventilation image (posterior
view) was added to the perfusion study, the performance
was 0.84 (0.77–0.90). This increase was statistically sig-
nificant (P=0.022). The performance increased to 0.87

(0.81–0.93) when all perfusion and ventilation images
were used, and the increase in performance from 0.79 to
0.87 was also statistically significant (P=0.016). The au-
tomated method presented here for the interpretation of
lung scintigrams shows a significant increase in perfor-
mance when one or all ventilation images are added to
the six perfusion images. Thus, the ventilation study has
a significant role in the diagnosis of acute lung embo-
lism.
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Introduction

Lung scintigraphy has been used to diagnose pulmonary
embolism for almost 40 years. Initially, perfusion scin-
tigraphy only was performed, and the evaluation of the
study was based on an analysis of several characteristics
of the perfusion defects (e.g. their number, size, shape
and demarcation). The first technique for ventilation
scintigraphy to become widely used was the single
breath/wash-out of xenon-133. With this technique, in-
formation on ventilation-perfusion mismatch is generally
obtained in one posterior view only. Subsequently, kryp-
ton-81m and radioactive aerosols were introduced for
ventilation scintigraphy. With these techniques, multiple
images of ventilation are obtained in the same projec-
tions as perfusion images, allowing a more direct com-
parison of the distribution of ventilation and perfusion.
Introduction of the ventilation scan caused the interpreta-
tion of lung scintigrams to focus much more on the ven-
tilation-perfusion mismatch present in pulmonary embo-
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lism. Several studies showed improved diagnostic accu-
racy with the addition of a ventilation study [1, 2], and
combined ventilation-perfusion scintigraphy became the
method of choice. This practice was challenged some
years ago in the PISA-PED study [3], which showed ex-
cellent diagnostic accuracy of perfusion scintigraphy on-
ly. The value of the ventilation scan is thus still uncer-
tain.

An objective means of evaluating the value added by
the ventilation scan is offered by automatic image inter-
pretation using computerised image processing and arti-
ficial neural networks [4]. The interpretation of lung
scintigrams based on artificial neural networks uses au-
tomatically selected features from the images in order to
achieve complete objectivity. The purpose of this study
was to evaluate the value of the ventilation study in the
diagnosis of pulmonary embolism using a new automat-
ed method employing either perfusion scintigrams alone
or the combination of ventilation and perfusion scinti-
grams as the only source of information regarding pul-
monary embolism. We also wanted to assess the influ-
ence on performance when the network received infor-
mation from the perfusion study combined with a single
posterior ventilation image, as this mode of investigation
is used in many studies.

Materials and methods

Training group. During the period 1 January to 30 June 1997 and
1 January to 30 June 1998 a total of 1,096 patients underwent lung
scintigraphy due to suspected pulmonary embolism at the Univer-
sity Hospital, Lund, Sweden. The scintigram consisted of a venti-
lation and a perfusion study with six projections in both studies.
Patients who had been examined more than once during the period
contributed only with their first lung scintigram. Nine patients in
the training group also fulfilled the inclusion criteria for the test
group and were excluded, leaving 1,087 scintigrams in the training
group (Table 1). In order to present the network with a binary clas-
sification, all studies were re-examined independently by two ex-
perienced physicians, who provided a consensus assessment for
either “pulmonary embolism” or “no pulmonary embolism”. Also,
intermediate scintigrams were classified as “pulmonary embo-
lism” or “no pulmonary embolism” depending on, for example,
the presence of typical wedge-shaped perfusion defects without
matching ventilation abnormalities. The prevalence of embolism
in the training material was 15%. The training group has been de-
scribed in detail previously [4, 5].

Test group. All patients who during the period 1 January 1993 to
31 March 1998 had undergone both lung scintigraphy and pulmo-
nary angiography at the University Hospital in Lund, with no
more than 2 days between the examinations, were included in the
test group. The test group consisted of 102 patients and none of
these patients were included in the training group. The result of
pulmonary angiography was used as the gold standard. Angiogra-
phy was performed according to standardised requirements and in-
terpreted by experienced radiologists. The prevalence of embolism
was 55%. The test group has been described in detail previously
[4].

Imaging protocol. The ventilation study was always performed be-
fore the perfusion study. The patient inhaled an aerosol of
15–25 MBq of technetium-99m diethylene triamine penta-acetate
(Solco/Sorin DTPA, Solco Nuclear, Birsfelden-Basel, Switzer-
land) in the supine position. Immediately after the ventilation
study, perfusion imaging was performed following intravenous ad-
ministration of 100 MBq of 99mTc-macroaggregated albumin
(TechneScan LyoMAA, Mallinckrodt Medical, Petten, Holland)
with the patient in the supine position. The scintigrams were ob-
tained with the patient sitting in front of a large-field-of-view
gamma camera with a low-energy general-purpose collimator 
(Toshiba GCA 901A/ECT, Toshiba Corporation, Tokyo, Japan),
with images acquired in six projections (anterior, posterior, left
posterior oblique, right posterior oblique, left lateral and right lat-
eral). Images were stored digitally in 128×128 matrix size. This
standard protocol was unchanged during the study period [6].

Image processing. Image processing was performed to reduce the
abundance of information in the lung images to a few features rel-
evant to the diagnosis of pulmonary embolism. The image pro-
cessing was performed in several consecutive steps, previously de-
scribed in detail [4]. In a first step, any hot spots in the ventilation
images, due to local deposition of radioactive particles in central
airways, were removed and replaced with an interpolation of the
pixels surrounding each hot spot. Next, in order to compensate for
variations in the size and shape of the lungs and differences in the
position of the patient in the ventilation study and the correspond-
ing perfusion study, all scintigrams were aligned to templates rep-
resenting lungs of normal size and shape. The alignment included
translation, rotation, scaling and skew of the images and also scal-
ing of the intensity.

Three types of alignment were used depending on the images
in the study. When only perfusion scintigrams were used, the six
images were aligned to the corresponding templates. When joint
ventilation-perfusion scintigrams in six projections were used, the
ventilation images were first aligned to the corresponding tem-
plates. Thereafter, the six perfusion images were aligned to the
corresponding ventilation images that had previously been
aligned. In the study using perfusion scintigrams in six views and
only the ventilation scintigram from the posterior view, the single
ventilation image was first aligned to a template and thereafter the
perfusion image in the posterior view was aligned to the ventila-
tion image that had previously been aligned. The five remaining
single perfusion images were aligned to the corresponding tem-
plates.

In order to describe mismatches in the lung images, a pixel to
pixel perfusion/template quotient image or a perfusion/ventilation
quotient image was calculated. This resulted in a new image, a
quotient image based on the perfusion and the template images or
a quotient image based on the perfusion and the ventilation imag-
es. Quotient images were calculated in all six projections for both
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Table 1. Study population

Training Test
group group

No. of patients 1,087 102
Female (%) 60 58
Age, mean (range) years 62 (7–98) 58 (17–93)
Prevalence of pulmonary embolus (%) 15 55



types of alignment. Quantitative measures of mismatch were cal-
culated. The lungs of each patient were divided into 18 segments
based on an anatomical atlas [7]. For each segment, the sum of
pixels in all projections with a significant mismatch (defined as a
perfusion/template or perfusion/ventilation quotient lower than
0.75) was calculated. These sums were divided by the total num-
ber of pixels for the corresponding segments. The resulting 18 val-
ues were used as input to the neural network.

Artificial neural network. A general discussion of artificial neural
networks and their workings may be found in the work of Cross et
al. [8]. A more detailed description has been presented by Bishop
[9]. For the present study, a multilayer perceptron architecture was
used with one input layer, one hidden layer and one output layer
[10].

Three different neural networks were trained, one for the inter-
pretation of perfusion scintigrams alone and the other two for the
interpretation of joint perfusion and ventilation scintigrams using
six and one ventilation projections, respectively. The structure of
the three networks was exactly the same; only the training data
differed. The input layer contained one unit for each of the 18 in-
put variables while the hidden layer possessed five units. The out-
put layer consisted of a single unit that encoded, with a value be-
tween 0 and 1, the probability for pulmonary embolism. During
training, the desired output was 1 for “pulmonary embolism” and
0 for “no pulmonary embolism”. The first neural network was
trained using the 18 features derived solely from each patient’s
perfusion study, the 1,087 perfusion studies of the training group
being used for this purpose. The second network was trained using
the 18 features derived from both the ventilation and perfusion
studies of the training group. The third network was trained using
the 18 features derived from each patient’s perfusion study and the
sole posterior ventilation study. The networks were trained using
the back-propagation algorithm. To avoid “overtraining” a weight
elimination technique was used [11]. The network weights were
frozen after the training process had been completed. Each of the
three neural networks was thereafter evaluated using the corre-
sponding projections in the test group.

Each network presented an average output value between 0
and 1 for each test case. A threshold in this interval was used
above which all values were regarded as consistent with pulmona-
ry embolism. By varying this threshold, a receiver operating char-
acteristic (ROC) curve was obtained. The performance of each
network was measured as the area under the ROC curve, calculat-
ed according to the standard method [12]. The 95% confidence
limits of the area were estimated by a bootstrap technique [13].

The difference in performance between two networks was
measured as the difference in area under the ROC curves. The sta-
tistical significance of such an observed area difference was as-
sessed by means of a permutation test (Monte Carlo version) as
follows [14]:

A new classification list was created by randomly selecting for
each of the 102 test cases either the classification made with the
first network or the classification made with the other network. A
second list was created from the classification not included in the
first one. The two lists were used to construct two ROC curves,
and the areas under the curves were calculated, as was the area
difference (test statistic). The procedure was repeated 100,000
times. The relative frequency of area differences that had an abso-
lute value greater than the actual difference was taken as the prob-
ability of obtaining at least the actual area difference if no true dif-
ference existed. The obtained P values are used to find statistical
significant differences between the performances of the three clas-

sification methods used in this paper. Training and testing of the
artificial neural network was undertaken using the JETNET 3.0
package [15].

Results

The performances of the three neural networks trained to
detect pulmonary embolism using different sets of lung
scintigrams are presented in Fig. 1. The performance of
the neural network interpreting perfusion scintigrams
alone was 0.79 (95% confidence limits 0.71–0.86).
When one ventilation image (posterior view) was added
to the perfusion studies, the performance increased to
0.84 (0.77–0.90). This increase was statistically signifi-
cant (P=0.022). The performance increased to 0.87
(0.81–0.93) when all ventilation studies were used to-
gether with the corresponding perfusion studies. The in-
crease in performance from 0.79 to 0.87 was statistically
significant (P=0.016), but the increase from 0.84 to 0.87
was not significant.

Discussion

The main finding of this study is that the automated
method presented here for the interpretation of lung
scintigrams shows a significant increase in performance
when one or all ventilation images are added to the six
perfusion images. Thus, the ventilation study contributes
significantly to the diagnosis of acute lung embolism.

The effect of ventilation images on observer interpre-
tation of lung perfusion examinations was investigated
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Fig. 1. Three ROC curves presenting the performance of the neu-
ral networks interpreting perfusion scintigrams alone (dotted line),
perfusion scintigrams together with one ventilation image (posteri-
or view) (thin line), and perfusion scintigrams together with all
ventilation studies (thick line)



by McLaughlin and co-workers in 1977 [16]. They
found a statistically significant reduction in the diagnosis
of pulmonary embolism with the addition of the ventila-
tion image. The value of ventilation/perfusion lung scans
in the diagnosis of acute pulmonary embolism was also
described in the results of the collaborative study of the
Prospective Investigation of Pulmonary Embolism Diag-
nosis (PIOPED) [17]. The diagnosis of pulmonary embo-
lism was made on the basis of the number of mismatched
segmental equivalent perfusion defects. Ninety-eight pa-
tients were randomly selected from the study population
of 1,389 patients in order to assess the value of ventila-
tion/perfusion lung scans compared with that of perfu-
sion scans alone in the diagnosis of acute pulmonary em-
bolism [18]. The perfusion scans were read independent-
ly of, as well as in combination with, the ventilation
scans. The sensitivity of high-probability ventilation/per-
fusion scans did not differ from the high-probability per-
fusion scans and the specificity was identical.

The frequency of pulmonary embolism did not differ
among patients with a low-probability ventilation/perfu-
sion scan or a low-probability perfusion scan alone.
There was a tendency for patients with perfusion scans
alone to have a higher percentage of indeterminate read-
ings. The authors concluded that reliable information can
be obtained if the interpretation of the perfusion is high
or low probability, or near normal/normal. If the perfu-
sion scan is interpreted as intermediate probability for
pulmonary embolism according to the PIOPED criteria
[17], the addition of a ventilation study may change the
interpretation to a more definitive probability.

In a study performed by Miniati and co-workers [3],
the value of perfusion lung scan in the diagnosis of pul-
monary embolism was evaluated using different scinti-
graphic interpretation criteria than in the PIOPED study
[17]. Only perfusion scans were used and the diagnosis
of lung embolism was made if single or multiple wedge-
shaped perfusion defects existed, usually together with
wedge-shaped areas of overperfusion. The sensitivity
and specificity were 92% and 87%, respectively. The au-
thors concluded that an accurate diagnosis of pulmonary
embolism is possible by perfusion scanning alone, with-
out ventilation imaging. As no ventilation scintigrams
were performed, the additional value of such a scan
could not be established.

Pulmonary embolism can be diagnosed automatically
by a neural network which has been trained on either the
combination of ventilation and perfusion scans or perfu-
sion scans alone [4, 5]. As the method is not dependent
upon manual feeding of subjective scintigraphic, radio-
graphic or clinical information into the computer, the re-
sults are completely objective. At the same time, informa-
tion from, for example, chest X-ray or medical history
that potentially could have contributed to the diagnosis
was not taken into account. In this study we have shown
that the addition of a complete ventilation study to the
perfusion study increases the performance of the network

significantly. It can be assumed that the ventilation study
does not contribute much to the diagnosis if the perfusion
study is normal. On the other hand, it can be assumed that
in patients with primarily ventilation disorders, such as
obstructive lung disease, when ventilation and perfusion
typically show the same (matching) pattern, the ventila-
tion study should contribute to the diagnosis. This has,
however, not been evaluated in the present study.

The neural networks used in this study were trained
on a limited number of features from the scintigrams
representing differences in perfusion and ventilation, or,
when ventilation was missing, differences in perfusion
compared with an ideal perfusion image. All features
were gained in a completely automated fashion and
could be modified or extended. The features in the cur-
rent setting were in several respects close to those used
in conventional evaluation of ventilation/perfusion lung
scans in the diagnosis of acute pulmonary embolism,
such as the PIOPED study [17]. Therefore, it is not sur-
prising that the addition of the ventilation study resulted
in a significantly better performance of the neural net-
work, reflecting the findings of Stein et al. in the select-
ed patient material from the PIOPED study [18].

Different features from the images can be extracted
automatically for training of neural networks. Recently,
Tourassi et al. [19] presented an automated texture anal-
ysis of regions of interest in the perfusion study. The
complexity or “roughness” of each image was calculat-
ed. The method was then tested for the diagnosis of pul-
monary embolism using a semi-automatic computer aid,
by interpreting the textural features from perfusion
scintigrams from 45 patients [20]. No information from
the ventilation images was used. Performance of the
computer-assisted diagnostic tool was shown to be sub-
stantially better than that of the average clinician and
comparable to that of an experienced nuclear medicine
physician. In the present study, we did not make any
comparison with interpretations by physicians. This was
done in an earlier study [5].

Scott and co-workers have also recently published
two studies of automated artificial neural network image
interpretion in which texture analysis, including both
ventilation and perfusion features, was used [21, 22]. In
contrast to Tourassi et al., Scott and co-workers extracted
features representing the average size and degree of mis-
match as well as measures of lung size and the vertical
centroid. The authors concluded that computers can per-
form comparably to experienced observers in patients
with normal findings on chest radiographs.

Thus, pulmonary embolism can be diagnosed quickly
and without variability by the use of image processing
and artificial neural networks. We have previously pre-
sented the results of networks trained on either joint ven-
tilation and perfusion scintigrams or perfusion scinti-
grams alone [4, 5]. To the authors’ knowledge, the value
of the ventilation study in automated interpretation has
not been studied before.
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An advantage of using artificial networks in the inter-
pretation of lung scintigrams is that they are good at pat-
tern recognition. The use of the network requires a train-
ing set of scintigrams with known classification, e.g. pul-
monary embolism or not. In this study, the classification
was made by experts in nuclear medicine. There may
have been cases in the training group with incorrect clas-
sification, which may have resulted in a less than opti-
mal performance of the network when tested on the test
material. In addition, we did not investigate any sub-
groups of the cases taking into account, for example, the
location or extent of any lung emboli. However, this
could not have interfered with the results when perfusion
scintigrams and the combination of ventilation and per-
fusion scintigrams were used.

In conclusion, we have shown that pulmonary embo-
lism can be diagnosed automatically by a neural net-
work. The network shows a significant increase in per-
formance when one or all ventilation images are added
to the six perfusion images. Consequently, the ventila-
tion study has a significant role in the diagnosis of acute
lung embolism.
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