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ABSTRACT. A computer-aided detection (CAD) system for the identtfaa of lung internal no-
dules in low-dose multi-detector helical Computed Tompbsa(CT) images was developed in the
framework of the MAGIC-5 project. The three modules of ourguCAD system, a segmentation
algorithm for lung internal region identification, a mutitale dot-enhancement filter for nodule
candidate selection and a multi-scale neural techniquéafee positive finding reduction, are de-
scribed. The results obtained on a dataset of low-dose amdlibe CT scans are shown in terms
of free response receiver operating characteristic (FR&DG&es and discussed.
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1. Introduction

Lung cancer is the leading cause of cancer-related merialiteveloped countrie$|[[ll, 2]. Only 10—
15% of all men and women diagnosed with lung cancer live fiwyafter diagnosi§][2} 3] and no
significant improvement has occurred in the last 20 ydarsHdjly-stage cancer is asymptomatic,
so more than 70% of patients diagnosed with lung cancer dheiadvanced stages of the disease,
when it’s too late for effective treatmen{$ [5]. However ftwe-year survival rate for people who
are diagnosed with early-stage lung cancer (stage 1) cah 2226 [6].

In this scenario, the implementation of screening progréonghe asymptomatic high-risk
population is an approach that is being tried to reduce theatity rate of lung cancer. It was
proved that screening programs with X-ray radiography die@d to a reduction of the mortality
rate [T {1P], due to the low sensitivity of this technique e identification of small, early-stage
cancers.

Lung cancer most commonly manifests itself with the foroatdf non-calcified pulmonary
nodules. Computed Tomography (CT) is proved to be the besjimg modality for the detection of
small pulmonary nodules, particularly since the introthrcof the multi-detector-row and helical
CT technologies[[11 F13].

Therefore CT-based screening programs are regarded asnésimg technique for detecting
small, early-stage lung cancefs][{4] 15]. In CT-based sargeprotocols, low-dose settings are



required, since the examined population is asymptomatit tlaerefore potentially healthy. How-
ever, low-dose images are noisier than standard-dose sméts more difficult to identify small
nodules when low-dose settings are used. Moreover, therdmbdata that need to be interpreted
in CT examinations can be very large, especially in scregpingrams, when a thin slice thickness
is usually used, thus generating up to about 300 two-dimaasimages per scan. Computer-Aided
Detection (CAD) could support radiologists in the identfion of small, early-stage pathological
objects in screening CT scans.

The MAGIC-5 project [1p] aims at developing CAD software teyss for Medical Appli-
cations on distributed databases by means of a GRID Infictste Connection approach J17].
In particular, MAGIC-5 researchers work on mammographieges for breast cancer detection,
NMR-SPECT-PET images for the diagnosis of the Alzheime¥atie and Computed Tomography
images for lung cancer identification. The CAD system we psepfor small pulmonary internal
nodule identification was developed and validated on a sietages acquired from the Pisa centre
of the First Italian Randomized Controlled Trial (ITALUNGT), recently started in order to study
the potential impact of screening on a high-risk populatisimg low-dose helical CT18, [19].

The CAD system is a three steps procedure: a segmentatioritiafg identifies the lung in-
ternal region, then a multi-scale dot-enhancement filtevigdes a list of nodule candidates and
finally a multi-scale neural network-based classificatiavdmie reduces the number of false posi-
tive findings per scan.

2. The lung CT database

A low-dose lung CT database was acquired from the Pisa cehttee ITALUNG-CT trial, the
First Italian Randomized Controlled Trial for the screenof lung cancer[[18, 19]. The CT scans
are acquired with a 4-slice spiral CT scanner according tmwadose protocol (screening setting:
140 kV, 20 mA, mean equivalent dose 0.6 mSv), with 1.25-moegollimation.

Each scan is a sequence of slices stored in DICOM (Digitagingaand COmmunications in
Medicine) format. The reconstructed slice thickness is 1. riime average number of slices per
scan is about 300 with a 5%512 pixel matrix, a pixel size ranging from 0.53 to 0.74 mm and
12 bit grey levels in Hounsfield units (HU).

The pathological structures to be automatically detecied BAD system are non calcified
nodules. Such nodules can be divided into three main cagsgatepending on their location in
the lung: internal nodules, fully contained in the lung patgyma, sub-pleural nodules, originated
inside the lung parenchyma but adjacent or connected tdelegy and pleural nodules, originated
from the pleura and grown toward the lung parenchyma.

The identification of internal, sub-pleural and pleural mleg requires dedicated procedures,
due to their different location and shape (see figiire 1). @elirpinary results on sub-pleural and
pleural nodule identification can be found [n][20] 21].

In this study, only internal nodule identification is coresied.

According to ITALUNG-CT screening protocol, in the baseli@T examinations radiologists
mark the nodules with a diameter greater than 5 mm, which ean bign of the presence of
lung cancer at an early stage, thus allowing an early diagraisthis disease. Once identified,
nodules are kept under control by means of follow up CT exatigns, in which the nodules with



Figure 1. Examples of small pulmonary nodules: a) internal nodulesui)-pleural nodule; c) pleural
nodule.

Figure 2. Examples of internal small pulmonary nodules.

diameters between 3 and 5 mm should also be marked, but onéwiy formed. Only nodules
with diameters greater than 8-10 mm are subjected to fuekeminations like Positron Emission
Tomography (PET) or biopsy.

The CT database acquired for this study is constituted bglinesexaminations, so our goal
is to develop a CAD system for the identification of internatinles with diameters greater than 5
mm. Two experienced radiologists have selected the steghf interest from the so far collected
database of 39 CT scans. This task has been carried out bysmkamledicated visualization and
annotation tool developed in the framework of the MAGIC-Hafworation. The resulting dataset
consists of 75 solid internal nodules with diameters in th#&Z5mm range. The maximum value is
12 mm, but 96% of the nodules have diameters ranging from m8 Examples of solid internal
nodules extracted from our dataset are shown in fifjure 2: ey have CT values in the same
range of those of blood vessels and airway walls and may begyr connected to them.

Some internal ground-glass opacities had also been sglegteadiologists, but their number
was too small to allow a dedicated analysis; therefore yipis bf pathological objects was excluded
from our target list.
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Figure 3. Lung volume 3D segmentation algorithm (a slice of the full\ume is shown): a) algorithm
input (the original CT scan); b) scan after thresholdings@dn after selection of connected regions and
rolling ball algorithm; d) algorithm output (segmenteddguolume).

3. The CAD system

As explained in the Introduction, our CAD system consistshiree main modules: first of all,
the lung internal region is identified by means of a purpogeijt segmentation algorithm. As a
second step, nodule candidates are detected using a wal#i-3D filter enhancing spherically-
shaped objects. Finally, a multi-scale voxel-based neaacdinique is implemented to reduce the
amount of false positive findings per scan.

3.1 Lung internal region segmentation

A lung volume 3D segmentation algorithm was implementeating to the procedure proposed
in [B3]. First of all, to separate the low-intensity lung @achyma from the high-intensity sur-

rounding tissue (fat tissue and bones), the voxel intassiiire thresholded at a fixed value (-
400 HU) [22[2B]. Then, in order to discard all the regionslbnging to the lungs, the connected
lung regions for the left and right lungs are selected stgnvith a seed point inside each lung. At
this stage vessels and airway walls are not included in tgmerted lung. Finally, a combina-

tion of the erosion and dilation morphological operatiokispwn asrolling-ball algorithm [B4],

is applied. The rolling-ball operator uses a spherical &eraving the effect of including in the

segmented lung all the vessels and all the airway walls smidan the ball size: a radius of 10
voxels for the spherical kernel was chosen in order to ireclati the objects within our nodule

dimension target. An example of the various stages of thg Wotume segmentation algorithm is
shown in figurd]3.

Since our goal is internal nodule research only, the lungmel identified by the segmentation
algorithm is eroded on the external side by a 2.5 mm-thicldbaa as to define thieng internal
region, where internal nodules with a diameter greater than 5 mnexpected to be found. In
figure[4 an example of lung internal region is shown, compaigil the lung volume identified by
simply implementing the segmentation algorithm descridieove.

3.2 Nodule candidate identification

The automated nodule candidate detection should be chdrmmct by a sensitivity value close to



a) b)

Figure 4. a) Original volume; b) lung volume obtained by the segmémnatlgorithm (outer contours) and
lung internal region.

100%, in order to avoid setting anpriori upper bound to the CAD system performance. To this
aim, we followed the approach proposed|[in] [25]. Lung nodalesmodeled as spherical objects
with a Gaussian profile and the 3D matrix of data is filterechvatfilter function zq: built to
discriminate between spherical objects and objects widhanl or elongated shapes. In particular,
Zdot is defined as follows from the eigenvalues of the Hessianixnatteach voxel:

IAs2/[Ad] if - Az,Aa,As <O,

Zjot(A1,A2,A3) = { 0 otherwise

whereA1, A2, A3 are the eigenvalues of the Hessian matrix of each voxekdad thafA1| > |A2| >
|As.

To enhance the sensitivity of this filter to nodules of diietr sizes, a multi-scale approach is
followed. According to the indications given ih [25 3 27]ethyo function is combined to a Gaus-
sian smoothing at several scal®gin = 01, ..., Omax= On. Within the ranggoi, oy], intermediate
smoothing scales are computedas= r'~1oy fori =2,...,N— 1, wherer = (on/01)YN-1. The
final filter valuezyax assigned to each voxel is defined as the maximagyrvalue obtained from
the different scales (denotegh(o;) for i =1,...,N), multiplied by the relative scale factor:

ax=_max 07 Zdot(G7).-
Once the 3D filtered matrix is calculated, a peak-detectlgordhm is applied to detect the local
maxima, which, sorted in decreasing order, are the list diilocandidates identified by the filter.

The ranggo1, on| and the numbelN of smoothing scales have to be chosen in order to make
the filter able to enhance nodules of the desired dimensigetta

Assuming a nodule can be denoted by a 3D Gaussian functiacat® s, its diameter can be
reasonably assumed to be4hus accounting for more than 95% of the nodule volume. dfee
implementing the multi-scale filter in a range,, oy] allows to enhance nodules with a diameter
in a rang€dmin = 01 * 4, dmax = On * 4].

In figure@ the response of the filter, implemented wiiir1.25 mm,on=2 mm andN=5, to
synthetic nodules (3D Gaussian functions with saalearying between 0.25 mm and 5 mm), is
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Figure 5. Response of the multi-scale filter implemented in the scageo;=1.25 mm,on=2 mm and
N=5, to synthetic nodules modeled as 3D Gaussian functiotissgalec varying between 0.25 mm and
5mm.

shown. As expected, the maximum filter response is obtaioedddule diameters between x
4=1.254 mm=5 mm andy * 4=2«4 mm=8 mm. However it can be noticed that the filter response
remains higher than the 90% of the maximum value for noduendters in all our dimension
target, between 5 and 12 mm. Moreover, we found that 5 is timémmim value ofN required to
obtain a flat response. Therefore in this waric1.25 mm,on=2 mm andN=5 were chosen to
identify nodules in our dimension target.

The dot-enhancement filter implemented with these parasetes run on the entire lung vol-
ume identified by the segmentation algorithm propose(l i (&2 figurd]3 and figurig 4). Then,
from the filter output list, a list ointernal nodule candidates was created, constituted by filter out-
puts located in the previously identified lung internal cegonly (see figur§]4). As it is explained
in the next paragraph, the list contains a large number séfabsitives (FP).

3.3 False positive reduction
3.3.1 The basic idea of the Multi-Scale Voxel-Based Neuralpproach (MS-VBNA)

Most false positive findings are crossings between bloodetssIn figurd]6 some examples of FP
are shown.

To reduce the number of FP/scan, we developed a procedied ballti-Scale Voxel-Based
Neural ApproachMS-VBNA).

First of all, a region of interest (ROI) is defined from eacteinal nodule candidate of the
filter output list as the set of the voxeldelonging to a sphere of radius 5 pixels around the voxel



Figure 7. Consecutive slices containing an internal nodule of di@am&6 mm (top) and corresponding ROI
(bottom).

identified by the filter and with intensity valugabove a relative threshotd

1 .
vesphere 3 vesphere vesphere

ROIs are so defined in order to include voxels of the strusturfeinterest (nodules or FP as,
for example, blood vessel crossings) and not backgroundlsoXn order not to have in a ROI
only voxels belonging to calcific structures that could bespnt in the sphere, ROIs are identified
only once all the voxels with, > 200 HU are set to 200 HU. In figufé 7 an example of ROI
corresponding to an internal nodule of diameter 5.5 mm igvsho

At this stage we consider a nodule candidate, and consdyitsrROI, ascorresponding to a
nodule(in other words, we consider a noddtaind by the filtexif the voxel identified by the filter
lies within a sphere centered on the nodule and having demegual to the nodule dimension.

The basic idea of the MS-VBNA is to associate to each voxel RDad a feature vector con-
stituted by the intensity values of its 3D neighbors, thed¢heigenvalues of thgradient matrix
defined as

Gij= [Z‘%' o], i,j=1,23,
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Figure 8. Basic idea of the Voxel-Based Neural Approach to false pasieduction: each voxel is charac-
terized by a feature vector constituted by the intensityeslof its 3D neighbors and the eigenvalues of the
gradient and the Hessian matrices.

wherel (X, X2, X3) is the intensity function and the sums are over the neighimattarea, and the
three eigenvalues of the Hessian matrix defined as

Hij = [ngj']’ i,]=1,2,3,

wherel (x1,X2,%3) is the intensity function[[28] (see figu[ 8). As we proved§][using these
six features, in addition to the simple voxel neighborhooked down into a vector, improves the
system discrimination capability.

Feature vectors are then classified by a standard threefiegd-forward back-propagation
neural network which is trained and tested to assign eackl\@ither to the nodule or normal
tissue target class.

3.3.2 The training and testing phase

The network training and testing phase was carried out &@afel The available dataset of 39
scans containing 75 internal nodules was partitioned iriemehing set of 15 scans containing 30
nodules and a validation set of 24 scans containing 45 nsdtiie partition was defined so as to
make the teaching set representative of all the nodule diibes.

In figure[9 the distribution of nodule diameters in the teaghget and in the validation set is
shown.

Then, the 15 scans of the teaching set were analyzed and ased the parameters for the
training and testing phase. In particular, ROIs correspantb the 30 nodules in the teaching set
were considered. We know that clearly the number of voxela BOI doesn't provide a precise
measurement of the nodule dimension, due to the ROI definiself. However the mean number
of voxels increases as the nodule dimension increases. cirtfa mean number of voxels for
nodules with diameters until 6 mm is 46, for nodules with déé@ns between 6 and 7 mm is 96 and
for nodules with diameters above 7 mm is 124.

In particular, for all nodules in the teaching set the nundietoxels in the ROI is greater than
20; moreover, for all but one nodules with diameters abovery the number of voxels in the ROI
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Figure 9. Diameter distribution of the 30 internal nodules in the téag set and the 45 internal nodules in
the validation set.

is greater than 100 and all but two ROIs with more than 100 lgoz@rrespond to nodules greater
than 7 mm.

Following the hypothesis that the network could really te@rrecognize a nodule if the neigh-
borhoods used to create the feature vector for the ROI vaxets large enough to intersect the
nodule edge, we decided to train and test the network usiogdifferent neighborhood sizes;
in particular 7x 7 x 3 (7 x 7 voxels for three consecutive slices) was chosesnaall size and
13x 13x 5 (13x 13 voxels for five consecutive slices) was choselaage size. According to our
hypothesis, using the small neighborhood allowed the nétéeorecognize at the most nodules of
7 mm of diameter, whereas for larger nodules the larger beidtood was surely necessary.

Therefore, using the relation described above betweenuimder of voxels in the ROIs and
nodule dimensions, we decided to train and test the neutabnie using the small neighborhood
size for ROIs with less than 100 voxels, the large neighbadhsize for ROIs with more than 100
voxels.

The goal of this threshold of 100 voxels is not to define a reatijion between ROIs that
could be recognized using small and large neighborhoodks;oiily an indicative threshold to be
used to train and test the network in an effective way.

It can easily be calculated that a feature vector deriviognfa 7x 7 x 3 neighborhood has
153 entries, 147 deriving from the neighborhood rolled deud 6 deriving from the gradient and
the Hessian matrices. A feature vector deriving from & 13 x 5 neighborhood would have 851
features. So we decided not to consider all the neighbortobadnly a down-sampled part, as
shown in figure[1I0. In this way a feature vector deriving frorh3ax 13 x 5 neighborhood has
also 153 entries. As a consequence, we trained and tested-foisvard back-propagation neural
network with 153 input nodes and two output nodes.

The training and testing phase was performed according @¢o5th 2 cross validation
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Figure 10. Feature vectors deriving from two different neighborhooes in the first case (top), the
7 x 7x 3 neighborhoodis rolled down into a vector of 147 entriethansecond case (bottom), thex133x 5
neighborhood is down-sampled and rolled down to obtain soved 147 features, too. In both cases, the 6
features deriving from the gradient and the Hessian matdace added.

method [3P]. This method consists in performing 5 replmasi of the 2-fold cross validation
method. In each replication, the teaching set is randomtijtipmed into two sets4; andB; for

i =1,...,5) with an almost equal humber of entries. The learning &lyoris trained on each
set and tested on the other one. The results achieved in gctort the correct classification of
individual voxels are reported in tallg 1, where the serisitand the specificity values obtained
on the test sets and on the whole teaching set in the tendrialshown. Since the performance of a
classifier and the comparison among different classifierganveniently evaluated in terms of the
areaA; under the ROC curvd [B1], we reported in tafjle 1 also the estichareas under the ROC
curves obtained in each trial. The average and the standaratidn ofA, obtained in the 10 trials
on testing and teaching sets are reported too, thus shohéngffectiveness and the robustness of
the neural classifier performance.

Among the networks with a similar performance on test séts,second one in tabl¢ 1 was
more balanced with respect to sensitivity and specificityhentest set and achieved the best per-
formance on the teaching set. Moreover it was the network thi¢ largest area under the ROC
curve, so it was expected to be the one with the greatesirdisation capability.

—10 -



Teaching set On testing set On teaching set

Train | Test | Sens. (%)| Spec. (%)| A, | Sens. (%) Spec. (%)| A,
A1 B 74.1 79.7 0.850 85.8 83.0 0.921
B A1 79.0 82.6 0.890 87.3 85.5 0.936
Ao B. 75.4 85.9 0.884 83.3 88.8 0.927
B. Ao 78.5 80.0 0.858 86.9 82.4 0.916
Az Bs 73.2 85.9 0.873 82.3 87.4 0.919
Bs Az 79.4 79.9 0.872 85.6 82.7 0.916
Ay B4 73.7 84.4 0.868 82.5 86.8 0.915
By Ay 74.0 82.3 0.857 85.6 85.9 0.924
As Bs 77.6 79.3 0.865 84.8 81.0 0.907
Bs As 74.3 87.1 0.888 83.5 89.3 0.932
Average 0.871 0.921

Std deviation 0.014 0.008

Table 1. Evaluation of the performance of the standard back-prapagkearning algorithm for the neural
classifier according to the’62 cross validation method.

Therefore this trained neural network was applied to thesROkels.

3.3.3 The application of the trained neural network: from voxels to ROIs

To be sure to make the approach sensible to all our nodulengiore target, we decided to apply
the trained network at two different scales, characterizetivo different thresholds on the number
of voxels in the ROI and feature vectors deriving from the tlifeerent size voxel neighborhoods.

In particular, for theirst scaleonly ROIs with more than 20 voxels are processed and for each
voxel the network is applied to the feature vector derivirapf the 7x 7 x 3 neighborhood.

For thesecond scaleonly ROIs with more than 50 voxels are processed and foreax#l the
network is applied to both the feature vectors that can becéged to the voxel, that is to say the
feature vector deriving from thex?7 x 3 neighborhood, obtaining the outpuit; = (out; 1, 0ut; »),
and the feature vector deriving from the 233 x 5 neighborhood, obtaining the outpotit, =
(outy1,0ut2). Then the final output assigned to the voxel for the seconié $eauty if jout 1 —
outy »| > |outy 1 — oub |, out, otherwise.

This choice of the two thresholds of 20 and 50 voxels is dorg @epending on the analysis
of the teaching set, as well as the parameters used in thenggand testing phase: as explained in
the subsectiop 3.3.2, no nodule in the teaching set hasias<0 voxels in its corresponding ROI.
Moreover, nodules that could not be recognized using omyrth 7 x 3 neighborhood have more
than 50 voxels. In both cases, the choice of the thresholdrisarvative and it is expected not to
compromise the system capability to generalize.

At each scale a nodule candidate is then classified as “CADleddf the percentage of
voxels in its ROI tagged as “nodule” by the neural classieabove a threshold. By varying these
thresholds at the two scales a free response receiver mechiaracteristic (FROC) curve can be
evaluated.

—-11 -
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Figure 11. Distribution of the positions of the 30 internal nodulestad teaching set in the lists provided by
the filter.

Lists truncated at Filter sensitivity (%)
80 88.9
100 91.1
120 91.1
140 93.3
160 95.6
180 95.6
200 95.6

Table 2. Dot-enhancement filter sensitivity.

4. Results

In figure[I] the distribution of the positions of the 30 in@rmodules of the teaching set in the lists
of internal nodule candidates provided by the filter is shown

As it can be noticed, the lists provided by the dot-enhancefileer for the 15 scans of teach-
ing set have to be truncated at 140 to include all annotatddlas. We fixed this parameter and we
evaluated the filter sensitivity on the validation set of 2drs containing 45 nodules, by truncating
the lists at different values around it, in particular wengated the lists at a valud, for M = 80,
100, 120, 140, 160, 180, 200. The results are shown in fable 2.

We then applied the MS-VBNA to the same truncated lists anéweduated the performance
of our CAD system in terms of FROC curves. In figyr¢ 12, the FRDE/es obtained on the
validation set by truncating the lists & = 80,140 200 are shown. It can be noticed that the
maximum sensitivity achieved by the CAD system is clearljedént for different values oM,

- 12 —
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Figure 12. FROC curves on the validation set of 24 scans containing#Brial nodules.

due to the different filter sensitivity. However, FROC cus\are very close to each other up to
a very good sensitivity (85% range), thus proving the raiess of the system. In particular, a
sensitivity of 86.7% at 5.4—7.6 FP/scan and a sensitivi§4o4% at 4.1-5.8 FP/scan are measured.
In other words, the MS-VBNA maintains a very good sensiiy6.7%) by eliminating 91-96%
of dot-enhancement filter false positive findings. For thighslly lower sensitivity of 84.4%, the
false positive reduction rate of the MS-VBNA is 94-97%.

5. Conclusions

A CAD system for the identification of internal nodules witlamheters greater than 5 mm was
developed. The three basic modules of the system are dedcaitd the results obtained on a
validation dataset of 24 low-dose CT scans with 1-mm recoatd slice thickness containing
45 internal nodules are presented. A sensitivity of 86.7% wlatained at a low level of false
positive findings (5.4—7.6 FP/scan); the sensitivity remadiigh (84.4%) even at 4.1-5.8 FP/scan.
In particular, the procedure we developed for false pasitdduction (MS-VBNA) works in a very
satisfactory way: it eliminates more than 90% of dot-enleament filter false positive findings and
maintains a very good sensitivity.

The results obtained so far are promising, but further weffllieseen.

The basic concept of CAD is to provide a second opinion tosasadiologists’ image in-
terpretation [32]. Many studie$ [33J37] investigated anavpd the CAD ability to improve the
performance of radiologists in lung nodule detection ireeaing and clinical CT examininations.

For example, in[[33] Brochu et al. compared the performamtigeaed by three radiologists
with different levels of experience in detecting lung nauin 30 screening CT examinations,

— 13—



without the assistance of CAD and using a CAD system as sewautkr. The CAD system used
in the study was the commercial system ImageChe®két.0 (R2 Technology). The CAD alone
achieved a sensitivity of 79% in the detection of nodulessugag 4 mm or larger, at a rate of 3.5
FP per examination. The sensitivity of the three radiolgis the detection of the same nodules
before and after using the CAD system as second reader esiada mean of 59% to a mean of
90%, with a gain of 31%.

In the next phase of our work we plan to evaluate the effectunf@AD system as second
reader on the performance of radiologists with differemele of experience.

Moreover, a validation of our CAD system against a largeablase is required. To this aim,
a larger database, not only of baseline but also of repeaffalodv up examinations is being
collected.

As explained in sectiof] 2, according to ITALUNG-CT scregnimotocol, in follow up exam-
inations the nodules with diameters in the 3—-5 mm range dhalgb be identified; therefore we
intend to adapt our procedure, by adjusting the parametersay step, such as the band thickness
in lung internal region segmentation, the multi-scalerfitlnge in nodule candidate identification
and the voxel neighborhood size in false-positive reduactio this new dimension target, in order
to develop a CAD system useful in every phase of a screenogygm, on the basis of radiologists’
requests.
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