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Purpose: The transition from frame-based brain stereotactic radiosurgery (SRS) to frameless delivery is supported by real-
time intrafraction monitoring to ensure accurate delivery. The purpose of this study is to characterize these real-time motion
traces in a large cohort of patients treated with frameless gated brain SRS and to develop patient-specific predictions of toler-
ance violations.
Methods and Materials: SRS patients treated on the Gamma Knife Icon were immobilized using a device-specific thermo-
plastic head mask. A motion marker was fixed to the patient’s nose, with gating and cone beam computed tomography
(CBCT)-based corrections to the treatment at excursions from baseline exceeding 1.5 mm. The traces of 1446 fractions were
analyzed according to magnitude (932 unique treatment plans for 462 unique individual patients), directional distribution of
displacement, and stability. A neural network model was developed to predict interruptions based on a subset of trace data.
Results: The average displacement of the marker in the first fraction of all patients was 0.62 � 0.25 mm with beam CBCT
corrections, which would otherwise be modeled at 0.96 � 0.96 mm without intrafraction motion correction (P < .0001).
Twenty-nine percent of fractions delivered were interrupted, of which the Z-axis (superoinferior) motion was the largest
contributor to excursion. Baseline corrections significantly compensated for the magnitude of motion in all 3 dimensions
(P < .01). The motion relative to the first acquired CBCT was on average seen to consistently increase with treatment time,
with the minimum P value occurring at 61.3 minutes. The neural network prediction model was able to predict treatment
interruptions with 84% sensitivity on the first 5-minute sample of the trace.
Conclusions: Corrections to marker position significantly decreased marker excursions in all 3 axes compared with a single
CBCT alignment. Patient-specific modeling may aid in the optimization of cases selected for frameless radiosurgery to in-
crease the accuracy of planned delivery. � 2019 The Author(s). Published by Elsevier Inc. This is an open access article
under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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Introduction

The transition of stereotactic radiosurgery (SRS) delivery
from frame-based delivery to noninvasive immobilization
using thermoplastic mask fixation has enabled single-
fraction delivery and hypofractionated multiday treat-
ments.1 Although both systems allow submillimeter patient
intrafraction motion, noninvasive immobilization in SRS
has been shown to have larger motions in all axes.2-4 Mo-
tion during frameless SRS may affect dosimetric quality by
reducing conformity.5

The Gamma Knife Icon (GKI)6 system (Elekta AB,
Stockholm, Sweden) is a novel evolution of the Gamma
Knife (GK) frame-based system. It uses an on-board cone
beam computed tomography (CBCT) to verify positioning
before treatment and a real-time tracking system using a
reflective nose-marker as a surrogate of target motion
relative to the CBCT baseline.6-8 When deviations are
detected, the treatment is gated, and CBCT scans are ac-
quired to re-establish baseline. The accuracy of the marker
tracking system has been shown to be sub-0.1 mm.6,9-11

The 3-dimensional (3D) motion data are captured as a
log-file together with temporal information about the
treatment and CBCT acquisitions.

Because the transition from frame to mask-based
immobilization is a paradigm shift in SRS, and in partic-
ular in the GK community, there are limited data on patient
tolerability and immobilization accuracy. Although there
have been published abstracts in patient series (with N �
100),12,13 a motion characterization model based on a
comprehensive patient series with direction-specific ana-
lyses would further the understanding of trends in accuracy
and tolerability.

In the present study we characterize a large (N Z 462
patients) population of traces from the GKI that encom-
passes 1446 unique traces using novel data extraction and
analysis methods. This study is the first to identify trends in
directionality of intrafraction motion, establish the de-
pendency of motion on treatment duration, stratify pop-
ulations based on model-defined thresholds, and generate a
predictive model for deviations from baseline on the GKI
system.
Methods and Materials

Coordinate system nomenclature

Intrafraction motion monitoring tracks the position of an
infrared marker placed on the nose (referred to hereafter as
marker) with respect to fixed markers on the mask adapter
at 20 Hz and displays the 3D magnitude of the vector offset
from baseline on the console of the GKI.6 The log-file saves
localization data if the total magnitude of motion of the
marker is 0.2 mm or greater relative to the previous marker
position.6 This coordinate is the raw stereotactic data at a
point, P, defined herein as:

PrawZ ½ xraw;yraw; zraw�
Before treatment, CBCT scans provide the reference

localization positioning of the patient for treatment adap-
tation. To provide context for the marker data, the 3D
magnitude vector value of the marker position when the
first reference point has been approved via CBCT is
recorded, defined herein as:

P0Z ½ x0;y0; z0�
This point is referred to as the first approved reference

point and converts 3D magnitude vector raw marker data to
motion relative to the accepted baseline. The raw data
converted to be relative to the first approved reference point
is defined herein as relative position:

PrelZPraw �P0Z ½ xraw�x0;yraw� y0; zraw� z0�
Z ½xrel;yrel; zrel�

Throughout the treatment, the approved reference point
can be updated by additional CBCT scan s to re-establish
baseline position as

PtZ ½ xt;yt; zt�
The positional information relative to the first approved

reference point has been defined as Prel The raw position
updated by all approved reference points at the time of
acquisition, defined as the corrected position, herein is

PcorZPraw �PtZ ½ xraw�xt;yraw� yt; zraw� zt�
Z ½xcor;ycor; zcor�:

The distinction between Pcor and Prel is useful to identify
differences between marker motion during treatment and
marker motion relative to the corrections made by the
system using approved reference points. It is important to
note that before a re-established baseline, usually caused by
an intrafraction motion interruption event, PcorZPrel. The
total displacement, r, is calculated from the magnitude of
the vector offset from the baseline as

rZ
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
x2 þ y2 þ z2

p

The difference between relative and corrected dis-
placements is illustrated in Figure 1, with the 2 values
coinciding after the first approved reference point but
separating after the second CBCT acquisition at approxi-
mately 33 minutes and the proceeding update to the
approved reference point. The blue and red shaded regions
in Figure 1 indicate the period of beam-on for the CBCT
and the treatment beam, respectively.

From Figure 1, we can also see that the beginning of the
marker position analysis coincides with the acceptance of
the first approved reference point. Although there is marker
positional information before this time point, it has no
accepted baseline information and therefore should not
contribute to the analysis.
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Motion trace metrics

Time-weighted average displacement
Given motion trace information, the time-weighted average
displacement was calculated by:

DrZ
1

t

Z t

0

r dt ð1Þ

where r is the magnitude of the vector displacement and t is
the total trace time. For all instances of this metric in this
study, D is measured only over the period of treatment
beam-on. This was done to prevent the inclusion of nose
marker deviations during CBCT, patient setup, or excur-
sions during beam-off because these would not contribute
to dosimetric impact.

Markers per second
Because the marker position is only reported if the cor-
rected position deviates by more than 0.2 mm, sampling of
marker position in the log-file is not uniform with respect to
time. As such, the number of markers per unit time is an
indication of the relative stability of a given trace. The
marker per second (MPS) metric was calculated as

MPSZ
N

t
ð2Þ

where N is the number of recorded marker positions be-
tween the time of the first approved reference point and the
end of the last treatment beam, and t is the time between
first approved reference point and the last beam-off.
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Fig. 1. Visualization of the log-file information for a Gamma K
(IFMM). The time is relative to the first approved reference poi
period of cone beam computed tomography acquisitions. The sh
The solid blue line indicates the position of the IFMM relative to
position of the IFMM relative to the first approved reference poin
1.5 mm relative to baseline.
Treatment interruption
An interruption is defined by the movement of the sources
to the off-position with the detection of large movements of
the marker above a threshold.6 This threshold for motion
was defined at our institution to be 1.5 mm (total magnitude
vector). Treatment interruptions are indications of motion
and may create extended treatment times with the
requirement for additional CBCT scans and re-
establishment of baseline. An example of an interruption
is shown graphically Figure 1, just before 30 minutes.
Population of motion traces

The database of treatment log-files from our institution over
an 18-month period was imported to MATLAB (Math-
Works 2018b) using an in-house executable. Additional in-
house software was used to parse and define every motion
trace according to its treatment context by cross-
referencing the clinical database. One fraction from each
unique individual in the database was used, removing any
bias from repeated measuring of metrics using the same
individuals’ multiple fractions.

The database included 1446 unique traces, constituting
932 unique plans, for 462 unique patients. The previously
defined metrics were used to analyze all motion traces to
generate overall population statistics. One fraction (the first
fraction) from every patient was analyzed to avoid over-
sampling individuals (NZ 462). Intrapatient analyses were
performed by examining all fractions of patients with more
than 1 delivery (N Z 282).
24 32 40

min)

CBCT
Treatment

Gating Threshold
r cor

r rel

nife Icon treatment using the infrared motion management
nt that was accepted. The shaded blue region indicates the
aded red regions indicate the period of treatment beam-on.
all approved reference points, the solid red line indicates the
t, and the dotted black line indicates the gating threshold of
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The metrics described were used to analyze the popu-
lation of traces. The MPS and time-weighted average
displacement for the corrected ( D

cor

r ) and relative ( D
rel

r )
were measured for all traces. In addition, each axis (X, Y,
and Z ) was also examined independently (eg, for X-axis,
D

rel

x and D
cor

x ). Treatment duration was also tabulated and
compared with these metrics to identify any
interdependency.

Additionally, interpatient and intrapatient statistics were
compared to assess the degree to which these metrics are
characteristic for a given patient. The mean, m, is the
average of all deviations averaged over every fraction (NZ
462); the intrafraction standard deviation, sintra, is the root
mean square of the standard deviations of each multi-
fraction case (N Z 282); and the interpatient standard de-
viation, sinter, is the standard deviation of all deviations
averaged over every fraction (N Z 462).

Classification of data and prediction of
interruption

To identify trends, all cases were analyzed using the defined
metrics for interdependence. Of particular focus was the
occurrence of treatment interruptions. Traces were stratified
by whether there was an interruption, and the groups were
analyzed for dependency of metrics.

The dependence of treatment interruption on metrics
was also tested by submitting metrics measured on sub-
samplings of the traces to the MATLAB neural network
toolbox (MathWorks). MATLAB’s pattern recognition tool
was trained on 400 randomly selected cases using scaled
conjugate gradient backpropagation14,15 with 10 hidden
layer neurons. We conducted preliminary experiments to
develop the network training approach. Ten hidden layers
were used to balance the time of training in MATLAB with
the performance of the results output from the model. Fifty
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Fig. 2. Population histogram of time-weighted average displ
corrected by all approved reference points. (B) The histogram
point. The dashed line indicates the threshold of 1.5 mm used c
random cases were used to test the neural network. Four
hundred training cases and 50 test cases were chosen so that
only 1 trace per unique individual was used to maximize
the size of the training set, while maintaining a large
enough test population for meaningful results (this presents
an 89% to 11% split of training to testing data). Metrics
measured on the first 300 seconds of the trace were tested
for their ability to predict whether the trace would contain
an interruption during treatment. The decision to use 300
seconds (5 minutes) was a balance between requiring suf-
ficient data for training while still being short enough for
prompting clinical interventions. Our mean treatment time
is 46 minutes, so catching an unstable setup within the first
5 minutes could be useful. At less than 5 minutes the results
of some preliminary investigations indicated that the model
would not be as stable.
Results

The distribution of magnitude vector time-weighted
average displacement for the corrected ( D

cor

r ) and relative
( D

rel

r ) marker positions are shown in Figure 2A and 2B,
respectively. The distribution of corrected data (Fig. 2A) is
maintained below 1.5 mm, by definition, through the clin-
ical gating threshold.

By separating the beam-on marker data into directions,
histograms were produced that show the marker position as
a function of deviation from baseline with and without the
CBCT corrections, plotted in Figure 3. The intrafraction
CBCT corrections reduce motion and center the distribu-
tion in all directions (P < .01). The corrected data show that
the most frequent motion was in the Z-axis (superoinferior
direction), followed by the Y-axis (anteroposterior), with
the X-axis (lateral) having the least motion (as seen in
standard deviation differences in Fig. 3).
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Fig. 3. Histograms of the marker position during beam-on for each of the axes of motion. The red data are the motion
traces relative to the first approved reference point. The blue data are motion traces corrected by all approved reference
points. The dashed lines indicate the range of the 95th percentile of relative and corrected data shown in red and blue,
respectively.
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Table 1 shows the comparison of mean, interpatient, and
intrapatient standard deviation of the relative time-weighted
average deviation and MPS metrics across all cases. From
these values we can see that the deviations between patients
is notably higher than within the same patient for D

rel

y ; D
rel

z ;
and D

rel

r , indicating a potential for the detection of patient-
specific characteristics with these metrics.
Treatment interruption

The statistics of treatment interruptions for all fractions
(N Z 1446) indicate that 29% of cases had at least 1
interruption in their treatment, and 18% had more than 1.
When further stratifying the deviations causing interrup-
tion, the Z-axis was the primary contributor to deviations
from baseline in 72% of interruptions, with the Y-axis as
the secondary contributor in 51% of interruptions. The X-
axis was the primary contributing axis in only 15% of
interruptions.

The prediction of treatment interruptions can work to
reduce overall treatment time. Figure 4 shows the magni-
tude vector relative time-weighted average deviation aver-
aged across all patients. On average, the tendency is for this
relative deviation to increase with increasing treatment
time. This trend highlights the need to minimize treatment



Table 1 Summary statistics of the mean, intrapatient, and
interpatient values for relative axis-specific time-weighted
deviations

m sintra sinter

D
rel

x 0.432 0.549 0.515

D
cor

0.470 0.471 1.370

D
rel

z 0.755 0.684 2.711

D
rel

r 1.124 0.903 3.064

MPS 0.068 0.104 0.107

m is the average of all deviations averaged over every fraction, sintra

is the root mean square of the standard deviations of each multifraction

case (N Z 282), and sinter is the standard deviation of all deviations

averaged over every fraction.
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time and prevent dosimetric deterioration associated with
intrafraction motion. Additionally, this trend indicates that
the longer the treatment is extended, the more corrective
CBCT scans will be required.

Classification of data and prediction of
interruption

The first fraction from each individual patient in the data-
base was used to form 2 groups: those with treatment
duration below and above a given value. This value was
transitioned over the range of durations, with statistical
analysis performed at each stage. The minimum P value
separating the 2 populations (P < .001) was found to be at
t Z 61.3 minutes, producing a separation of D

rel

r Z 0.96
mm. A number of traces (1078) had treatment durations
less than this threshold, and 358 traces had treatment du-
rations greater than this threshold. The average and
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Fig. 4. Average and standard deviation of the relative
time-weighted average deviation computed every minute
for 1446 fractions.
standard deviation for the entire population of traces (N Z
1446) was 46.41 minutes and 35.12 minutes, respectively.

A histogram similar to the entire population of 1446
motion traces is shown in Figure 5A, separated into groups:
with and without interruption. The natural log of MPS
(likely to be an indication of patient-exhibited instability)
for populations with and without treatment interruption is
shown in Figure 5C. Separation of both of these pop-
ulations is statistically significant at P < .01. By thresh-
olding this population by the intersection point of the
normal distributions for the 2 populations we can produce
quadrants that separate the traces into categories based on
likelihood of interruption. Only 3.8% of traces that inter-
rupted were found in the lower left quadrant (ln[MPS] <
-3.5 and D

cor

r > 0.7 mm), and 64.5% of cases that inter-
rupted were found in the upper right quadrant (ln[MPS] <
-3.5 and D

cor

r > 0.7 mm), although it contained only 8.6%
of uninterrupted traces.

By implementing the MATLAB neural network package
trained on a population of 400 cases from unique patients,
prediction receiver operating characteristic area under the
curve (AUC) of the presence of interruption in a given
fraction, based on the first 5 minutes of the same fraction’s
trace, had a value of 0.84 on a population of 50 independent
cases. This AUC value indicates the network was capable
of predicting a notable portion of the patients from a short
subsampling of the motion trace data.
Discussion

In the present study, we have characterized motion for a
large (N Z 462 patients) population treated on the GKI.
From Figures 1, 2, and 3, it is clear that the corrections to
baseline from the intrafraction motion system are signifi-
cantly effective (P < .01) at reducing the time-weighted
average deviation from baseline. One study has shown
that, on average, intracranial targets are displaced by
approximately half the magnitude of the marker.16 This
suggests that limiting the motion of the nose marker is
likely to also reduce target motion, although a thorough
validation to determine the degree to which this is true has
not yet been conducted. More can also be incorporated
regarding how the predictions facilitated by this work
would be best employed clinically. For example, if in-
terruptions are to be avoided in part because they prolong
treatment, which can compromise the integrity of the plan’s
dosimetry, to what degree is that preferable to the proposed
technique of increasing margins to avoid the interruption?
In addition, false positives and false negatives in these
predictions may lead to different dosimetric consequences.

Figure 3 shows the directional dependence of intra-
fraction motion during GKI treatments. The superoinferior
direction has a larger magnitude of average motion and is
responsible for the majority of interruptions. These data
may potentially inform refinements to noninvasive
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immobilization to increase the rigidity specifically in this
direction of motion.

Table 1 compares intra- versus interpatient data over the
population of cases. There are notable differences in the
variation between individuals relative to those for repeated
measurements of the same individual in the superoinferior,
anteroposterior, and magnitude vector directions. These
reduced intrapatient variations have potential as a means of
identifying the characteristic stability of a given patient
before treatment. Identifying patient-specific motion
characteristics could contribute to the creation of patient-
specific margin design for treatment planning, if corre-
lated with the target volume, by accounting for anticipated
motion during treatment.

Figure 5 shows that the treatments possessing in-
terruptions can be successfully stratified based on popu-
lation thresholds of the corrected time-weighted average
deviation, D

cor
, and the number of markers per second,

MPS. Furthermore, metrics calculated on subsamples of a
trace show high correlation with the metrics computed
for the complete trace. This suggests that patients’ mo-
tion performance shows some consistency over the course
of treatment. The use of neural networks to generate
predictions about future interruptions shows a high level
of accuracy, and incorporating additional metrics as input
to the neural network could further improve its
performance.

In terms of clinical applicability, such a prediction
model can be incorporated into a clinical workflow as a tool
of real-time analysis to identify motion traits suggesting
future interruptions, allowing therapy staff to take steps to
mitigate deviations before their occurrence. Additionally, a
short acquisition of motion data may inform decisions
about expected performance during treatment. One clinical
embodiment of this could be an acquisition of a 5-minute
sample of motion taken in the immobilization mask at the
time of simulation. This short trace could then be analyzed
for the metrics shown in this study and supplied to the
neural network for prediction. Refinement of the neural
network with a larger population of traces and metrics that
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yield increased sensitivity and specificity may yield supe-
rior results and will be the focus of future work. Combined
with correlating information between the nose marker and
the target volume, this could additionally contribute to
decisions regarding the requirement of additional care/
sedation or patient-specific margins. The AUC value for the
neural network output had a higher value than that for the
input metrics independently. With further refinement, it will
be explored whether these metrics alone provide sufficient
value as a predictor.

A limitation of this study is that no rotational informa-
tion was included in the model due to the nature of the
collected motion trace. Additionally, all motion is motion
of the nose marker, not the target volume. All information
regarding interruptions and patient treatment context were
programmatically extracted. As such, we expect minor
misclassifications, which can be further improved through
refining methods of detecting typical clinical scenarios. As
previously mentioned, the trace was sampled each time the
marker displaced by 0.2 mm, leaving the possibility that
fine motion was not detected. Other clinical factors that
may have importance for interpreting traces, including
performance status, weight, age, and sedative administra-
tion, were not included in the analysis.

Institutions have begun to analyze small populations of
intrafraction motion statistics using this information.12,13

Kim et al12 report, in an abstract, motion data on 50 pa-
tients and find the maximum motion direction to be in the
superoinferior direction, with a mean displacement of 0.43
� 0.35 mm. Vulpe et al13 reported, in an abstract, similar
results between frameless and framed cohorts for 100 pa-
tients. Our series is the largest, with 1446 unique motion
traces, constituting 932 unique treatment plans, for 462
unique individual patients, with the ability to determine
trends in the directionality of the observed intrafraction
motion. Furthermore, we have incorporated automated
analysis and methods for characterizing the spectrum of
performance in the immobilization system and predicting
the performance of patients. Predictions may lead to the
prevention of dosimetric impact of intrafraction motion.

It is important to stress that, at the present time, treat-
ment using a mask with this SRS technology, in conjunc-
tion with motion tracking and image guidance, is still a
relatively new paradigm for most users. As such, limited
data have been reported regarding how well the mask im-
mobilizes patients over time, the spread in patient tolerance
of the mask, and ultimately the thresholds that should be
used for gating treatments and performing baseline cor-
rections. How the intracranial target moves in the mask in
relationship to how the nose moves ultimately must be
addressed for patient-specific thresholds, and this question
requires modeling of the head. This subject is currently
being investigated as future work by our group and others.16

The goal of the present paper was to quantify the immo-
bilization and tolerability of the masks.

The clinical applicability of our work is 3-fold. First, we
have assembled large-scale data on the directionality of
motion within the mask. Although it may not be surprising
that craniocaudal motion is the dominant direction based on
our clinical experience, evidence-based validation of our
clinical assumption is important and can be used to moti-
vate future work or initiatives to improve the mask’s
immobilization performance in that direction. Second,
although it was also suspected that longer treatments yield
increased probability of decreased tolerance, our study
clearly demonstrates this with data. In Figure 5, it is clear
that motion itself increases with increasing treatment time,
which provides clinicians with needed information when
weighing and balancing treatment time against other pa-
rameters when planning a patient case. Third, our pre-
liminary modeling work shows that one can predict
whether a patient will come out of tolerance by monitoring
the patient for 5 minutes.

We could use these findings in several ways. Consider
the example of a complex case that may require hours of
treatmentdfor example, a patient with 30 brain metastases
to be treated with single-fraction SRS. At our institution we
would apply our spatially partitioned adaptive radiosurgery
technique, which treats targets daily; the number of targets
is determined by a maximum treatment time of 60 minutes.
We recently reported the technical details of our spatially
partitioned adaptive radiosurgery technique and potential
dosimetric advantages compared with hippocampal-
avoidance whole brain radiation therapy.17 In this clinical
situation, a mock 5-minute immobilization to test the po-
tential of successful treatment would be ideal before
starting the treatment process. If, within the 5-minute mock
immobilization, the prediction model tells us there is a high
possibility of unacceptable movement, other forms of
treatment could be considered. For example, a decision
may be made to perform frame-based SRS on the Icon
or to seek an alternative technology such as linear
accelerator�based SRS with image guidance, robotic
technology for positional corrections, and fast-dose-rate
and/or volumetric modulated arc therapy capability.
Therefore, these data have the potential to allow for data-
driven decisions in terms of the ideal technology for the
patient and treatment approach. In fact, this study was
motivated by observations that we have encountered in the
clinic, such as the aforementioned clinical scenario, and our
future directions include applying this 5-minute mock
procedure in our clinical workflow.

Future work will be aimed at correlating the marker
deviations with target deviations to quantify the dosimetric
benefit of maintaining the marker at baseline. Additional
focus will be given to developing metrics that attempt to
further identify variation within a given patients’ fractions
relative to different patients to characterize the consistency
of patients’ motion from fraction to fraction. This can also
aid in the development of neural networks for predicting
patient performance on future fractions on the basis of the
current fraction. Finally, this work will incorporate pre-
dicted motion into inverse optimization with the aim of
creating additional robustness for treatments likely to
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involve substantial motion. This optimization could aim to
minimize the degradation of plan quality with the charac-
terized motions shown in this study.
Conclusions

The statistical analysis of real-time tracking information
from patients treated on the GKI can provide insight into
the clinical tolerability and stability of treatments. The
superoinferior dimension tends to show the highest
magnitude of deviation. Deviation from an initial baseline
tends to increase, on average, throughout treatment. Motion
trace statistics tended to have less variation from fraction to
fraction for the same individual compared with between
individuals. Correlation of target motion with the real-time
tracking of the nose marker will allow for dosimetric error
approximation.
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