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Abstract

Background: In meeting input data requirements for a system dynamics (SD) model simulating the radiotherapy
(RT) process, the number of patient care pathways (RT workflows) needs to be kept low to simplify the model
without affecting the overall performance. A large RT department can have more than 100 workflows, which results
in a complex model structure if each is to be handled separately. Here we investigated effects on model
performance by reducing the number of workflows for a model of the preparatory steps of the RT process.

Methods: We created a SD model sub-structure capturing the preparatory RT process. Real data for patients treated
in 2015-2016 at a modern RT department in Sweden were used. RT workflow similarity was quantified by averaged
pairwise utilization rate differences (%) and the size of corresponding correlation coefficients (). Grouping of RT
workflows was determined using two accepted strategies (80/20 Pareto rule; merging all data into one group) and
a customized algorithm with r=0.75:0.05:0.95 as criteria for group inclusion by two strategies (A7 and A2). Number
of waiting patients for each grouping strategy were compared to the reference of all workflows handled separately.

Results: There were 128 RT workflows for 3209 patients during the studied period. The 80/20 Pareto rule resulted
in 14/8/21 groups for curative/palliative/disregarding treatment intent. Correspondingly, AT and A2 resulted in 7-40/
<4-36/7-82 groups depending on r cutoff. Results for the Pareto rule and A2 at r=85 were comparable to the
reference.

Conclusions: The performance of a simulation model over the RT process will depend on the grouping strategy of
patient input data. Either the Pareto rule or the grouping of patients by resource use can be expected to better
reflect overall departmental effects to various changes than when merging all data into one group. Our proposed
approach to identify groups based on similarity in resource use can potentially be used in any setting with variable
incoming flows of objects which go through a multi-step process comparable to RT where the aim is to reduce the
complexity of associated model structures without compromising with overall performance.
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Background

Radiotherapy (RT) is used for approximately 50% of can-
cer patients to cure the disease or to ameliorate associ-
ated symptoms [1, 2]. With a growing cancer incidence,
demands on RT are increasing. One immediate problem
is how to maximize the utilization rates of available re-
sources whilst maintaining high treatment quality and
staff satisfaction [3]. RT is one of the most complex dis-
ciplines of healthcare and understanding departmental
responses to various changes can be challenging. Simula-
tion models, as suggested by system dynamics method-
ology or other methods within the field of operations
research (OR), can help to increase this understanding
[4, 5]. To create such a model referral of patients to RT,
which determines the input data format, is the first step
of the RT process and must be thoroughly understood.

The RT process involves numerous tasks from treat-
ment preparation to treatment delivery. The treatment is
typically fractionated, i.e. given once daily during a 5-7
week period, and delivered using linear accelerators
“linacs” [6]. Preparations are undertaken to assure that
the desired treatment is given to the intended anatom-
ical region. Different imaging modalities are used to ob-
tain a 3D-image representation of the patient’s anatomy
on which contours of the tumor to be treated and the
organs that must be avoided during treatment are over-
laid. Based on this information, a team of physicians,
physicists, and nurses (specialized in radiation oncology
or radiation physics) then decide the treatment setup
and calculate the dose distribution. Each RT task needs
to be coordinated in time with additional treatments
such as surgery or chemotherapy with the aim to assure
that the scheduled activities meet the need of each pa-
tient. The referral pattern of patients to RT largely im-
pact if this is feasible given diagnosis- and treatment-
intent-specific dependencies in tasks as well as the bal-
ance between existing workload and available capacity at
the department.

When addressing patient referral patterns to an RT
department from a modelling perspective with the ul-
timate aim to understand the overall structure, it may
be challenging to keep the model parsimonious. Pa-
tients are referred to RT in inherently variable vol-
umes [7]. Non uniformity can be expected with
respect to time and with respect to composition of
diagnoses and of treatment intents. Temporal varia-
tions mainly depend on availability of staff, both for
clinical assessments as well as for diagnostics; these
effects are to some extent predictable. Effects due to
vacation periods during summer or longer holidays
are also predictable with the number of referrals
tending to increase before affected dates whilst de-
creasing to reach a steadier state after the period in
question has passed. The composition of referrals has
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a more random structure in the short perspective but
also tends to stabilize over time given a particular RT
departments profile. Complicated patient cases typic-
ally demand non-standard approaches and such cases
are often directed to larger hospitals for centralized
care. The mix of cancer diagnoses and treatment in-
tents at a particular RT department is therefore a
consequence of the available treatments. Taken to-
gether, some treatments are common at certain RT
departments but may not exist at all at others. In
addition, the number of patients within a specific
group needs to be acknowledged.

In order not to inflate the size of a simulation model
more than necessary and make it difficult to build,
analyze and understand, applying the 80/20 Pareto rule
to the input data is one strategy [8]. For the current
problem, this would mean to use the distribution of in-
coming referrals for 80% of the patients and rescale this
volume to match the total number of patients. Another
strategy could be to combine the remaining 20% of pa-
tients into one group. A drawback with these approaches
is that effects for patients who are treated according to
rare diagnoses may not be properly acknowledged. This
is problematic if different operational or capacity policies
involving them are to be tested. To compensate for this,
reducing model complexity without changing effects by
the overall input data could be achieved by grouping pa-
tients which are comparable from some aspect, eg
which utilize the same RT resources to a similar degree.

OR methods in RT have historically mainly focused
on resource planning and resource use for purposes
such as optimizing staff allocation, scheduling of pa-
tients or understanding the RT process from a stra-
tegic perspective [9]. Work on OR models for RT
done by Vieira et al. used the referral pattern of pa-
tients to RT for one month and, based on this, they
could assume a daily patient volume based on the
Poisson distribution with a mean number of patient
arrivals corresponding to observed rates of a particu-
lar weekday [7]. Discrete-event simulations by Kapa-
mara et al. used data for one year (2005), uniform
and exponential probability distributions were used to
estimate input values for various variables including
number of patients and their characteristics [10].
Using the same discrete-event simulation computer
package (Simul8 Corporation, Boston, MA, U.S.A.),
Proctor et al. also designed a model to identify factors
affecting how a patient moves through the RT depart-
ment from initial consultation/referral to the last
treatment fraction [11]. They used data from a two-
linac department, also in the U.K. (1997/2001), to es-
timate the performance of the department with an in-
creased level of demand. Patient characteristics
including requirements of RT resources were
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determined from a probability (profile) distribution.
These are some of only a few examples, which ad-
dress the referral pattern of patients to RT in some
detail, and to the best of our understanding it is un-
known how different approaches to group patients of
an RT department compare to each other in an OR
setting.

In this work, we took an analytic approach to sys-
tematically quantify the input data to a sub-structure
of a system dynamics (SD) model which mimics the
preparatory steps of a seven-linac RT department in
Sweden. This is one of the larger departments in this
country, located at one of our university hospitals,
and it offers treatments for all kinds of cancer diag-
noses and treatment intents. Our aim was to identify
an aggregated input data set, which reproduced and
simulated effects according to existing patient referral
patterns without having to handle each diagnosis and
treatment intent separately. Understanding the effects
by aggregating the input data for this problem will in-
crease the knowledge about how to create future full-
scale system dynamics models of the whole RT
process or other systems with similar characteristics.

Materials and methods

Data

Patient data were retrieved from the Oncological Infor-
mation System ARIA® (Varian Medical Systems, Inc.,
Palo Alto, CA, U.S.A.) during January 1% 2015 to April
30™ 2016. All patients referred to RT at Sahlgrenska
University Hospital, Gothenburg, Sweden during this
period (70 weeks) were sorted according to cancer diag-
nosis, treatment intent, and utilization of departmental
resources for the preparatory steps of the RT process.
Patients who had been registered in the system during
the investigated period, but where no treatments had
been delivered, were also included.

Cancer diagnoses were sorted according to ICD-10
codes [12] and treatment intent was acknowledged as
“curative” or “palliative”. Each diagnosis- and
treatment-intent-specific care pathway was defined as
a separate workflow with the types of resources
needed to prepare such patients for RT (hereafter re-
ferred to as an RT workflow). Resource utilization
rates were quantified based on percentage use of as-
sociated operations or tasks given the total number of
patients referred to the RT workflow in question
(later referred to as PPRCT, Percentage patients re-
quiring capacity). Some patients may require more
than one appointment, hence PPRCT can exceed
100%. Assessed tasks were categorized into: 1. Posi-
tioning aid (Mould), 2. Positron-emission tomography
(PET), 3. Computed tomography (CT), 4. Magnetic
resonance imaging (MRI), 5. Target definition (TD), 6.
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Treatment planning (TP), and 7. Patient quality as-
surance (QA).

Statistics
Similarity between different RT workflows was calcu-
lated using pairwise comparisons between resource
utilization rates as quantified by Mann-Whitney U tests
and Pearson’s linear correlations (r). Absolute percent-
age differences were also calculated for each task and as
a total summary metric over all tasks. RT workflows
with quantitatively similar patterns, i.e. similar use of re-
sources, were then identified and aggregated based on
increasingly stronger correlation cutoffs (r20.75:0.05:
0.95); a customized algorithm was developed to system-
atically investigate these as termination criteria for group
inclusion (details on the algorithm available in Add-
itional file 1). Two grouping strategies were investigated:
1. All elements correlate with one main element (Group-
ingStrategy 1, referred to as Al below) and 2. All ele-
ments correlated with each other (GroupingStrategy 2,
referred to as A2 below). To minimize potential effects
by selected starting point for this procedure, random
permutations of RT workflows were done 10 000 times/
r-value cutoff. RT workflows were primarily required to
have the same treatment intent to be paired, but effects
by disregarding treatment intent were also investigated.
The data handling and the calculations were per-
formed in Microsoft Excel (2016) or in MATLAB
(MATLAB R2018a version 9.4.0.813654, The Math-
Works Inc., Natick, MA, U.S.A.). P-values<0.05 were
considered to indicate statistical significance and r-
values=0.70 were considered to indicate strong correla-
tions. Descriptive statistics were reported using mean
and standard deviation or median and range, whichever
most suitable based on the underlying data distribution.
Performance between grouping strategies was quantified
by absolute and relative differences at each time point
with respect to a reference grouping strategy, which han-
dled all workflows separately.

Model and modelling scenarios

We investigated the effects of using the different
grouping strategies to aggregate RT workflows as in-
put data to a sub-structure of a SD model capturing
the preparatory steps of the RT process, which will
be developed for system dynamics analysis of the
whole RT process in future work. The present model
provided the overview of patient flows and number of
patients waiting through subsequent operational steps
required to prepare the patients for RT. The input
data were handled in weekly batches. The starting
point of the proposed seven-step model was when a
treatment decision was taken as a documented refer-
ral date to the RT department; the end point was
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when a date for completed QA was documented, con-
firming that the patient was ready to start treatment
(Fig. 1; Additional file 1). Available resources at each
operational step were calibrated to a same capacity
setting which allowed for patient throughput at a rate
not to build queues for the worst-case scenario by
each treatment intent. The simulations were per-
formed in Stella Architect (v.1.7.1 isee systems,
Lebanon, NH, U.S.A.) and run on a MacBook Pro
2016 (MacOS v.10.13.1).

Model outputs were compared over all time points based
on resulting number of patient waiting as a measure of the
ability of each grouping strategy to match the number of pa-
tients waiting of the best-case scenario where all workflows
were handled separately (reference). Aggregation of RT work-
flows by the customized algorithm are acknowledged by the
grouping strategy number, ie. Al or A2, and utilization rate
correlation coefficient cutoff, ie. 75, 80, 85, 90 or 95. A1_75,
therefore, refers to results by AI with cutoff at r=0.75. For
comparison, all RT workflows were also grouped according
to the Pareto rule (80% of workflows handled separately and
the remaining 20% merged into one joint group; Pareto_80/
20). All RT workflows were also merged into one group as
an estimate of the expected least representative worst-case
scenario (all-in-one).

Results

Data overview

In total, 3209 patients were referred to the RT depart-
ment during the studied period. Of these, 2094 (65%)/
1115 (35%) were planned for treatment with curative/
palliative intent. There were 72/56 different cancer diag-
noses resulting in 128 separate RT workflows, distribu-
tion of patients per RT workflow is showed in Fig. 2a-b.
The majority of curative patients were to undergo a sin-
gle treatment course (98%), but almost one of three pal-
liative patients underwent more than one treatment
course (32%). The treatments for five patients planned
for seven treatment courses were cancelled although
preparations for RT were completed.

Similarity between workflows with and without
consideration of treatment intent

For curative treatments, similarity between utilization
rates of resources between RT workflows could generally
not be ruled out (averaged minimum p=0.057). In two
situations, however, candidates for grouping could be
excluded (=1 diagnosis/RT workflow; p<0.042). For the
remaining comparisons, statistically significant correla-
tions were generally strong (averaged median r=0.87,
range: 0.78-0.97) and typically offered multiple
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candidates for grouping (median: 18 pairs; Table 1). The
RT workflow for C61 (prostate cancer) showed no statis-
tically significant correlations with any other workflow.
The RT workflows for C24 (bile duct cancer) and L91
(hypertrophic skin disorder) correlated with only one
other workflow. The average absolute percentage

Table 1 Averaged statistically significant correlations for 72 RT
workflows where patients were treated with curative intent at
the Sahlgrenska University Hospital in Sweden during 2015-2016

r Mean sb? Median Min Max
Mean 0.87 0.03 0.87 0.80 0.95
SD? 0.06 0.01 0.06 0.04 0.09
Median 0.87 0.05 0.87 0.78 0.97
Min 0.76 0.10 0.77 0.00 0.87
Max 0.95 0.12 0.98 0.00 1.00
# 18 9 15 0 35

Note that aggregations of the presented results are done for the r-values of
each RT workflow over all RT workflows, so that the calculations in the first
row relate to the mean values of all RT workflows, the calculations in the
second row relate to all SD values, etc.

Abbreviations: r correlation coefficient, SD standard deviation, # number of
potential candidates for grouping, RT radiotherapy

2SD excluded in calculations for groups with one element only
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difference for total resource utilization rate for all cura-
tive RT workflows, calculated as median of all mean
values, was 38% (range: 22-238%).

For palliative treatments, similarity between utilization
rates of resources between RT workflows could, as for
curative treatments, generally not be ruled out (averaged
minimum p=0.1820). There was only one situation
where candidates for grouping could be excluded (3
diagnoses; p<0.034). Statistically significant correlations
between RT workflows were strong (averaged median r=
0.90, range: 0.77-0.96) and offered several candidates for
grouping (median 42 pairs; Table 2). The RT workflows
for C56 (ovarian cancer) and C64 (kidney cancer)
showed no statistically significant correlations with any
other workflow. The average absolute percentage differ-
ence for total resource utilization rate for all palliative
RT workflows was 20% (range: 8-95%).

The pattern of similarity between utilization rates of
resources remained, irrespective of treatment intent, (av-
eraged minimum p=0.073). There were five situations
where candidates for grouping could be excluded. Corre-
lations between RT workflows were strong (averaged
median r=0.88, range: 0.78-0.97) and offered more can-
didates for grouping than either of the two treatment in-
tents separately (median: 50 pairs; Table 3).

However, the RT workflow for C61 (prostate cancer)
with curative treatment intent had no potential grouping
candidate; remaining workflows had =2 candidates for
grouping. Averaged absolute percentage difference for
total resource utilization rate for all workflows was 17%
(range: 8-100%)).

Aggregating RT workflows

Using A1, where all elements in a RT workflow group
were to correlate with one main element, and r=0.75/
0.80/0.85/0.90/0.95 resulted in a minimum of 7/9/12/18/
28 groups for curative intent (Table 4, left). Correspond-
ing figures for palliative intent were 4/4/5/7/12 groups

Table 2 Averaged statistically significant correlations for 56
workflows where patients were treated with palliative intent at
the Sahlgrenska University Hospital in Sweden during 2015-2016

r Mean sD? Median Min Max
Mean 0.90 0.03 0.91 0.80 0.93
Sb? 0.06 0.01 0.06 0.03 0.08
Median 0.90 0.04 091 0.77 0.96
Min 0.74 0.15 0.77 0.00 0.83
Max 0.95 0.19 1.00 0.00 1.00
# 42 13 46 0 51

Note that aggregations of the presented results are done for the r-values of
each RT workflow over all RT workflows, so that the calculations in the first
row relate to the mean values of all RT workflows, the calculations in the
second row relate to all SD values, etc. Abbreviations: as in Table 1

2SD excluded in calculations for groups with one element only



Lindberg et al. BMC Health Services Research (2021) 21:207 Page 6 of 17

Table 3. Averaged statistically significant correlations for 128 and 7/10/13/21/34 groups when disregarding treatment
workflows disregarding treatment intent for patients at the intent. Within each group of similar characteristics, ab-
Sahlgrenska University Hospital in Sweden during 2015-2016 solute percentage differences for resource utilization
r Mean sp? Median Min Max  rates between included elements were on average at
Mean 087 003 088 0.80 094  most 107/113/132/202/279% for curative intent, 39/37/
SpD? 006 001 006 0.00 0.09 39/38/63% for palliative intent, and 71/67/69/65/123%
Median 088 005 088 078 097  When treatment intent was disregarded.

Using A2, where all elements in a RT workflow group

Min 0.77 0.02 0.76 0.75 0.88 . .

were to correlate with each other, the different r-value
Max 098 003 099 088 100 cutoffs resulted in a minimum of 7/15/24/33/40 groups
# 50 28 65 2 84 for curative intent, 4/8/15/24/36 groups for palliative in-
Note that aggregations of the presented results are done for the r-values of tent, and 7/29/46/59/82 when treatment intent was dis-
each RT workflow over all RT workflows, so that the calculations in the first . . . . : _
row relate to the mean values of all RT workflows, the calculations in the regarded (T‘able 4, rlght’ Details for A2.—85 n Flg' 3a-c).
second row relate to all SD values, etc. Abbreviations: as in Table 1 Correspondmg absolute percentage differences for re-
2SD excluded in calculations for groups with one element only source use between included elements were 109/160/

190/258/279%, 39/32/35/45/92%, and 70/100/156/197/
252%, respectively.

Using the 80/20 Pareto rule resulted in 14 RT work-
flow groups for curative intent, 8 groups for palliative

Table 4 Number of groups and averaged within-group differences by the customized algorithm and correlation coefficient cutoffs
for patients treated for either curative or palliative intent at the Sahlgrenska University Hospital in Sweden during 2015-2016

Strategy Al A2
Treatment intent CURATIVE
r 0.75 0.8 0.85 0.9 0.95 0.75 0.8 0.85 0.9 0.95

No A% No A% No A% No A% No A% No A% No A% No A% No A% No A%
Mean 100 539 117 581 150 647 225 697 327 793 100 538 196 767 286 998 368 1040 450 1054
SD 09 140 08 148 11 160 12 259 13 488 09 143 11 214 12 289 12 445 13 626
Median 100 505 120 557 150 634 230 676 330 663 100 503 200 768 290 1035 370 1125 450 1134
Min 70 257 90 229 120 231 180 168 280 00 70 267 150 215 240 96 33.0 27 400 00
Max 120 1071 130 1132 180 1323 260 2020 360 2786 120 109.1 240 1604 330 1896 410 2575 490 2786
Treatment intent PALLIATIVE
r 0.75 0.8 0.85 0.9 0.95 0.75 0.8 0.85 0.9 0.95

No A% No A% No A% No A% No A% No A% No A% No A% No A% No A%
Mean 50 271 52 267 69 257 96 244 143 237 50 271 103 224 181 175 276 184 390 141
SD 06 12 05 15 08 24 09 29 08 37 06 1.1 08 13 09 26 10 59 10 102
Median 50 273 50 268 70 261 100 241 140 230 50 273 100 223 180 175 280 176 390 112
Min 40 222 40 215 50 191 70 182 120 140 40 222 80 159 150 90 240 00 360 00
Max 60 394 60 368 90 388 120 380 160 631 60 391 130 315 220 345 310 450 430 917
Treatment intent CURATIVE+PALLIATIVE
r 0.75 0.8 0.85 0.9 0.95 0.75 0.8 0.85 0.9 0.95

No A% No A% No A% No A% No A% No A% No A% No A% No A% No A%
Mean 106 344 128 344 165 348 258 331 390 308 106 345 338 437 521 577 654 614 866 610
SD 10 67 09 72 1.1 76 13 82 13 91 10 68 14 121 16 271 16 361 13 523
Median 11.0 320 130 317 170 323 260 308 390 279 110 321 340 416 520 559 650 506 870 382
Min 70 243 100 229 130 220 210 198 340 129 70 260 290 196 460 86 590 63 820 67
Max 140 706 160 66.7 200 692 300 649 430 1228 140 703 400 1000 600 1562 710 1969 910 2523

Abbreviations: A1 grouping strategy where all elements are required to correlate with one main element, A2 grouping strategy where all elements are requeired to
correlate with each other; r correlation coefficient



Lindberg et al. BMC Health Services Research (2021) 21:207

Page 7 of 17

a 1200 1 . r 16 b 1200 4 r 16 C 1200 - r 16
+ No. of patients » « No. of patients " Lt No. of patients "
1000 4 I » 1000 1 v 1000 4+ @
x No. of RT workflows | ;, 2 x No. of RT workflows | |, 2 x No. of RT workflows| . =
2 « s g . s g S
c Y= 4 = J ey
S 80 . L0 & E 800 { & Lo & 5 800 4, Lo &
2 5 E=1 S = o e
S e00{ x Ls 2 2 600 { s = Q 600 4 Ls 2
Y = Y = Y prs =
o o o o o] o
? X 6 o g X 6 o g X 6 o
S 400 {x, x S S 400 - 5] g 4004 x 5
=z . XX X 4 5 =4 X X X X 4 g = X X 4 5
200 4 x x = 200 1 XX X X X = 200 4 X X X X =
X X X XX F 2 . X F 2 20X XXX XX XX X F 2
X ’0....>.<‘ X XXX XXX * X X X XK X REX XK R0
0 . —22hannny 0 0 2o onogy +—L 0 0 00N, 0
0 5 10 15 20 25 0 5 10 15 0 5 10 15 20 25 30 35 40 45
Group# (curative intent) Group# (palliative intent) Group# (disregarding intent)
Fig. 3 Total number of patients (left y-axis) for the groups aggregated together in A2_85 and the corresponding number of RT workflows per
group (right y-axis) for curative treatment intent (a), pallative treatment intent (b) and disregareding treatment intent (c)

intent, and 21 groups when treatment intent was disre-
garded, with an inflow pattern as illustrated in Fig. 4a-c
(curative, palliative and total). Since the number of
groups by the customized algorithm at r=0.85 were com-
parable to or exceeded the number of groups by the 80/
20 Pareto rule, modelling results were compared and re-
ported for the two grouping strategies up to r=<0.85
only. Number of patients waiting were subsequently in-
vestigated for nine RT workflow group scenarios includ-
ing the reference which handled all RT workflows
separately: reference, Pareto_80/20, all-in-one, Al_75,
A2 75, A1 80, A2 80, A1_85, and A2_85.

Modelling results

For A1 75, there were <28 RT workflows for each of the
seven curative groups (1 single), <49 RT workflows for
the four palliative groups (2 singles), and <80 RT work-
flows for the seven groups when treatment intent was
disregarded (1 single). For A1_80, corresponding figures
were <25, <49, and <71 (each with 2 singles) and for
Al_85, there were <19, <39, and <54 (3, 2, and 1 sin-
gle(s), respectively).

For A2_75, there were <31 RT workflows per each of
the seven curative groups (1 single), <49 RT workflows
for the four palliative groups (2 singles), and <72 RT
workflows for the seven groups when treatment intent
was disregarded (1 single). For A2_80, corresponding fig-
ures were <15, <32, and <19 (3, 3, and 12 singles, re-
spectively) and for A2_85, there were <11, <11, and <14
(9, 2, and 21 singles, respectively).

Performance of different grouping strategies

Overall performance of the different grouping strategies
compared with the reference are presented in Fig. 5 and
Tables 5, 6 and 7.

When assessing the mean absolute differences in num-
ber of patient waiting between all grouping strategies
compared with the reference, all-in-one consistently per-
formed worst and A2_85 generally performed best (cura-
tive/palliative/disregarding treatment intent: 7.4+3.8/

2.0+1.1/10.6+5.2 patients versus 1.5+1.2/0.6+0.5/2.3+1.8
patients; Fig. 5; Tables 5, 6 and 7). Performance of Pa-
reto_80/20 were generally second best to A2_85 (3.4+
2.0/0.5+0.5/2.1+1.7 patients). For the same r-value cut-
off, results by grouping strategy A2 typically performed
better than results by grouping strategy A1.

When assessing the impact of the grouping strategies
on mean relative differences in number of patients wait-
ing for each RT preparatory task, the smallest differences
(least dependent on grouping strategy) were generally
found for 5. Target definition and the largest (most
dependent on grouping strategy) for 7. QA (Fig. 5; Ta-
bles 5, 6 and 7). However, patterns between treatment
intents varied and the overall smallest differences were
found for all tasks except for 1. Mould and correspond-
ingly for overall largest differences except for 6. Treat-
ment planning.

Assessing the performance of the grouping strategy
based on median values instead of mean values were also
investigated, with comparable results (data not shown).

Discussion
In this work, we investigated the performance of various
strategies to group care pathways for patients with dif-
ferent cancer diagnoses and treatment intents referred
to RT (RT workflows). Our aim was to identify an aggre-
gated input data set to a sub-structure of a SD model
capturing the preparatory steps of the RT process, which
produced similar results as the original patient referral
pattern. Using data from 3209 patients treated in 2015-
2016 through 128 care pathways at a modern seven-
linac RT department, we found that the accepted 80/20
Pareto rule performed well with respect to number of
patients waiting, but that even better results could be
achieved if using a grouping strategy, which recognized
similarities in resource use. The latter, however, resulted
in a somewhat more extensive input data set compared
with the former.

Needing to reduce dimensions of input data prior to
modelling is a common problem when working with real



Lindberg et al. BMIC Health Services Research (2021) 21:207 Page 8 of 17

a 120 4 —Group 1 (C50+D05) —Group 2 (C61)
Group 3 (C34) Group 4 (C54)
100 - ——Group 5 (C20) ~——Group 6 (C09)
—Group 7 (C77-79) —Group 8 (C15)
—Group 9 (C53) —Group 10 (CO01)
80 A —Group 11 (21) —Group 12 (C83)
—Group 13 (C44) Remaining 20%
—Total

No. of patients (curative)
B [}
o o

N
o
1

0 - T .
1 4 7 10 13 16 19 22 25 28 31 34 37 40 43 46 49 52 55 58 61 64 67 70
Weeks
b 120 1 —Group 1 (C77-79) —Group (C34)
Group 3 (C71) Group 4 (C61)
100 A ——Group 5 (C50+D05) ~——Group 6 (C90)
—Group 7 (C43) —Remaining 20%

—Total

o]
o
1

N
o
1

No. of patients (palliative)
(o]
o

N
o
1

AN S AN DA 20X/ SEANK N, L | y

0 +vm i 1
1 4 7 10 13 16 19 22 25 28 31 34 37 40 43 46 49 52 55 58 61 64 67 70
Weeks
120 - —Group 1 (C_C50) —Group 2 (P_C77) Group 3 (C_C61)
Group 4 (C_C34) —Group5 (P_C34) —Group 6 (P_C71)
—Group 7 (C_C54) —Group 8 (P_C61) —Group 9 (C_C20)
—Group 10 (C_C09) —Group 11 (C_C77) —Group 12 (C_C15)
100 1 —Group 13 (C_C53) —Group 14 (C_C50) —Group 15 (C_C90)
Group 16 (C_C01) Group 17 (C_C21) Group 18 (C_C83)
80 —Group 19 (C_C44) —Group 20 (C_C49) —Remaining 20%
—Total

» o]
o o

No. of patients (curative+palliative) O
N
o

1 4 7 10 13 16 19 22 25 28 31 34 37 40 43 46 49 52 55 58 61 64 67 70
Weeks

Fig. 4 Inflow pattern of patients by intent: curative (a), palliative (b) and in total disregarding intent (c). Figure key shows Group# and corresponding
ICD-10 code and for (c) the treatment intent is indicated by a C or P (curative or palliative respectively) before the ICD-10 code

world data [13]. A well-designed dimension reduction important to use and for the problem addressed in this
strategy creates a smaller input data set, which provides  work, there is to our knowledge no recommended way
the same modelling results as the original representa- of deciding this (a PubMed search on March 21%, 2019,
tion. To this end, some measurement of similarity is gave zero relevant hits for various combinations of
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Fig. 5 Number of patients waiting to various steps of the RT process by week as given by the output of the proposed simulation model over RT
preparatory steps. RT tasks from left to right: 1. Mould, 2.PET, 3. CT, 4. MR, 5. Target definition (TD), 6. Treatment planning (TP), and 7. QA. Top row
corresponding to results for curative treatment intent (a), middle row for palliative treatment intent (b) and bottom row when disregarding
treatment intent (c). The experiment includes nine different group scenarios: reference=each RT workflow handled separately, Pareto_80/20=80%
of workflows handled separately and remaining 20% merged into one additional group, A1/2_75/80/85=proposed grouping strategies where all
elements correlated with one main element [1]/correlated with each other [2] for utilization rate correlation coefficient cutoffs up to r=0.75/0.80/
0.85, and all-in-one=all RT workflows merged into one group. Abbreviations: CT= Computed Tomography, MRI= Magnetic Resonance Imaging,

PET= Positron Emission Tomography, QA=Quality Assurance, RT= Radiotherapy, TD=Target definition and TP=Treatment planning

» o«

“radiation therapy”, “simulation model”, “input data set”,
“operations research”). Neither of the accepted strategies
to handle input data of a simulation model, the Pareto
rule nor the merging of all data into one group, use a
similarity measure when reducing the input data struc-
ture. We, therefore, proposed to use pairwise correla-
tions between groups based on RT preparatory step
resource use for a number of reasons. As patients pass
through the different steps of the RT process, available
resources set the limit for to which extent the demand
can be met. If the treatment of multiple cancer diagnosis
requires a similar amount of resources, scheduling them
for RT can be simplified by grouping them together.
Conditions for RT also change over time, with emerging
data for instance motivating fewer treatments for pros-
tate cancer [14]. This is a large group of patients referred
to RT and a similarity measure based on resource
utilization rates can assist in understanding to which ex-
tent existing treatments already follow this pattern. If so,
such a similarity measure can guide whether a new patient
care pathway needs to be created or if those for another
cancer diagnose or treatment intent can be reused. Finally,
the underlying data for our proposed similarity measure
can easily be extracted from existing oncological informa-
tion systems and the measure in itself is straightforward to
calculate. Although the purpose of our system dynamics
model over the RT process is not to find an optimal solu-
tion to the problem at hand, it is interesting to note that
none of the aforementioned OR models for RT by Vieira
[7], Kapamara [9] and Proctor [10] discuss grouping strat-
egies or similarity measures when quantifying patient

volumes as either an alternative to or together with prob-
ability distributions as estimated from observed data.

The level of data aggregation needed to reduce model
complexity will depend on the amount of details the
model is intended to capture. System dynamics is an OR
method that can help to understand the behaviors of a
complex system in various scenarios [15]. Systems can
be complex based on several reasons, for instance non-
linear relations between cause and effect. There is a dif-
ference between complicated and complex systems,
where a complicated system can be hard to understand
while a complex system can consist of many easy steps
influencing each other in a non-predictable, and even in
a counterintuitive way. For the understanding of system
behaviors after grouping data in the investigated RT sce-
nario, a high level of aggregation will probably work to
capture overall effects during long time periods. How-
ever, the total capacity needed to handle groups of pa-
tients requiring different resources or resource use can
be different from the average level. With too high a level
of aggregation, details get averaged out and when inves-
tigating effects for certain groups the result may not be
noticeable. Different inflow patterns will also have an
impact in this context as shown by our data. Fluctuating
incoming flows is common in RT [7] and a steady state
typically never exist. This needs to be kept in mind when
considering how to aggregate data for situations where
incoming flows are stable over time since the impact of
grouping strategy may be of less importance. For a gen-
eral setting in line with RT, where there might be vari-
able incoming flows of objects instead of patients and



Page 10 of 17

207

(2021) 21

Lindberg et al. BMC Health Services Research

%00l 976l 6/0 %96 ISLL  YWT %Y6 SLOL  [T9 %68 LL9 LISl %99 095 678l %/b €9F 909l  %I8 6GEl  8/6 %SL SS'LL wzL 96l xew
%68 000 000 %ty 000 000 %bC 000 000 %O 000 000 %0 000 000 %0 000 000 %E 000 000 %S 000 000 000 uw
%/6 6401 €60 %68 TL6  9€L %S8  0€6  SLL %l SSL 660l %Ll /7L LULL %L LLL OLOL %SS L9 67S %k Tl'S [09 LELL uelpaw
% €9% ST0 %8 ¥y €50 %9l €9% €Ul %8l €51 6lY %/l VEL VeV %0l vZl €€ %8l 18€ Tz %6l 19¢€ 87 69% ps
%6 €011 950 %8 ¥LOL  STL %6/ 656  L0T %6L ¥8L  ¥/OL %LL 651 LOLL %LL ¥l 0SOL  %ES 679 OLS  %Er 675 vE9 6CLL uesw  vO Y
%00l 8 8/0 %EL /ST V8T WEL 98T €T 6L STT  8LS %S9 €€ 8TE %6 6T  S8S %60l LTE  9l'9  %rL 65T 697 98% xew
%8l 000 000  %C 000 000 %S 000 000 %0 000 000 %L 000 000 %0 000 000 %0 000 000 %9 000 000 000 ulw
%88 VT 860 %Oy L€l €51 WIS LE€L ¥l %L YO /9T %0l /70 99T %8 SO LT %9l €0 16T %S 9rl 651 687  uelpaw
%zl 980 vT0 %Sl 950 650 %9l 790 950 %lT 790 6L %kl ¥SO 950 %6l 850  STL %6l /SO €Tl %Sl 950 850 €80 ps
%98 55T 960 Wb L1 €51 %8y ¥l 8Vl %bC /90  OL'E %SL  6Y0 6V %8L €50  90€ %LZ 850  90€ %6k bl oF'L  06¢ ueaw dl 9
%00l €891 SSL %08  0L9  8/8L %I8 959 YS9l %I/l 9¥S  ¥60C %SLL €88  T6TC  %SE L6 SLLL %79 IST 09/l %l9  SLE €USL 061 xew
%8¢ 000 000 %0 000 000 %E 000 000 %0 000 000 %L 000 000 %0 000 000 %0 000 000 %Ll 000 000 000 uw
%L €T 7L %99 691 €Il %y ¥l I8L %€ Ol O¥b %6l 9/0 €€ %0l 9S0  I¥E %9l bSO ISE  %6E 6L vCT €T uelpaw
%6l 20 VO  %.C OVl 09 %Er [Tl 66%  %6E LWl 709 %lz 85l 7S9 %6 S¥0 LTS %Sl /O bLIS %6l 590 687 80 ps
%L  €SY oL %lS 761 Iy %ty €Ll 66€  %/E 85l 7S9 %9T 9L C09 %LL 6Y0 655 %8L €90 0SS %vE 9Tl oLy €95 uesw (IS
%00l 1697 680 %98 Ol7TL CETC %98 €0TL €¥7C  %9S 608 OLVZ %9 1SS 8SlZ  %ES Ovv 8997 %8S  8LS 9/ %l8  WEL 879¢ 67LT xew
%L 000 000 %S 000 000 %CL 000 000 %0 000 000 %0 000 000 %0 000 000 %0 000 000 %t 000 000 000 uw
%6 0911 9T0 %8S LIS €Ty %0S €CS  96€  %EC YOT 98 W%EC 60T  99L %9l ISL  6l6  %lT 6l L/8 %0E  LYE 097/ €6LL  uelpaw
%0l S€9 600 %8l /T T¥S %8l €T /SS %Sl 90T 009 %Sl 0¥ SSS %Il 60l 839 %kl LTl Tl %lT 8Ll v99  8£9 ps
%56 6911 VED  %ES  S6S  L09  %0S T¥S 099 %ST ST 056 %97 SI'E 66 %9L 85l €60l %6L v/l Y60l %SE  LEE S98 7071 uesw ¥
%00l 6v'EL VL %/8 156 S6L %88 SYLL  8¥8 %99l SES  LYSL %ZIZ 659 606l %/8 6¥S YEVL  %8L 9TE  LLWL %6L 96 SITL ISyl xew
%65 000 000 %0 000 000 %9 000 000 %L 000 000 %L 000 000 %0 000 000 %0 000 000 %l 000 000 000 uw
%68 60/ IOl %l9 006 107 %95 STb [0S %ce 0L €00l %CE L€ 8/6 %/ LSO 106 %Sl ¢Zl 198 %0F 8TT 657 908  Uelpaw
%6 L€ SE0 WSl IST €77 %er  6€€ 10T WlE Sl /Ll %Iy 90T 9% %CC €¥l V8E %6l S80 L€ %EL €67 v6T  6L€ ps
%8 LLL €80 %lO  6LY VLT WYS LV SYE %EE  €0T 006 %9y L0E  TCOL %9L 60l  8¥8 %LT 8Tl 958 Ty L€ Uy 6L uesw D¢
%00l $86 €01 %6CC 086 LSVl %78 8€9 905 Wlv 69T ZvOL  %by /8T ¥LOL %PE OVl W06 %0E SOl SO6 %9 69% l6S €€0l xew
%EL 000 000 %0 000 000 %8 000 000 %0 000 000 %0 000 000 %0 000 000 %0 000 000 %SZ 000 000 000 uiw
%l6 85 750 %8l TEL  W¥8 %8S IWE 0L %Ol 8¥0 1S9 %EL  v/0  L09 %8 ¥SO 619 %8 vv0  ¥L9 %8y  SO€ S0€  6l'9  uepaw
%9 961 €0 %9 S6T  ¥SE %8l 08l 860 %Il S0 90T %Cl 6,0 ST %8 €0 /L % Ov0  SSL %8 801 oL 661 ps
%68 795 190 %S 88T /88 WIS WWE  6L7 WEL 6,0 059 %9l ¢60 L[S %OL LSO TT9 %6 SO L09 %Ly 66T Ve w9 uesw 34 7
%001 958l 000 %/8 69€L /K8 %6 YISl 0TS %L/ €00L  LITL  %E8 88Tl ¥SLL  %lL 6¥0L L0l %l. 886 /YOl %88 LLEl [TL 9581 xew
%00l 000 000 %l 000 000 %95 000 000 %0 000 000 %S 000 000 %0 000 000 %0 000 000 %0C 000 000 000 uw
%00l 206 000 %lS [6€ Sy %L YIL  SSL %y 60 ¥S¥ %Sy vTv  9L'E %Sy 80G  9SY  %CS 655 €€¥  %0L 769 vlT T06  uelpaw
%0 bl 000 %0C ¥Z€ 80T %Ol v/€ 680 %bC YOS 69T %IC 967  I6T %6C ISE LT %9T O€E  6lT %6l OL€ 89l LY ps
%00l €06 000 %6v 69% by %8/ STL 8Ll %6E L0V  ¥ES  %IS  69v  €€% %9E 0% [0S %OV ITh  €8% %S9 919 987 €06 ueaw  pnoyy ‘|
givl vl suo-urqpp g/ivl vl szev owiAvl vl sz widvl vl oszvy wiwl vl osTiv wvl  Ivl s8Tev /vl Iwl s8Tiv /vl IVl oz/osToreand d  3IAILLYHND

ysey 1ad saibarens buidnolb (ueaw a1njosge ARl 159MO|) buluiopad aa1y) dol a1edipul SIagUINU Pjog 1USIUl JUSWIeI)
DAI1RIND 1O} OLeUDS 9DUDIRJ) 3Y) pue salbalens buidnolb MoOIOM | pa1ebisaAul Syl UaaMIaq buiiiem sjusiied JO JIaqUINU J0) SODUDIDYIP SAIIB[S pue S1Nj0sqy § djgel



Page 11 of 17

(2021) 21:207

Lindberg et al. BMC Health Services Research

 *BI4 Ul paqudsap se soueuads Buidnolb MOIPIOM |Y JO UOIIBIOU ‘DOUBIBYIP dAIIR|D) m\_q_ ‘92UBI3YIp dINjosqe _q_
‘buluueld Juswieall 4/ pue ‘uouyap 196.e1 g ‘UONEIASP piepuRlS (S ‘@dUdlaal Y ‘@dueinsse Alljenb ) ‘Aydeibowol uoissiwa-uoisod 34 ‘Buibewr adueuosal dnaubew Yy ‘Aydeibowol paandwod |5 :suonpiraiqqy

%001 8961 €60 %90l €0l ¥YOLL  %S8 ¥COlL €56 %% 08G  6lSL  %E6 089  9CSL %09 oY 9CvL  %0L  L9S  ¥9EL %/  8YL 7Ll 9191 xew
%S5 000 000  %cCL 000 000 %91 000 000 %0 000 000 %Ll 000 000 %0 000 000 %Ll 000 000 %6 000 000 000 ulw
%l6 869 €50  %9Ss Y e %09 9% cc % L) SL9  wC L] 9C9 %ol ¥l 99 %9C 9T Y95 %OV  9g¢E ¥8e  (SL uelpsaw
%8  18¢ 9C0  %kC  SST l6'c %8l 95T LE€CT  %eC  ¥9l L0e %0C /91 98¢ WOl STl SSe WL LS L€ %8l SOC S6'C  ¥8¢€ ps
%68  LEL IS0 %/S  PSY 0Cy %8S LY Il'e LT S6'L YL %8C  8lT 00/ 9%8L ol 'L %9T  8lC 609 %Sy e LS 88L uesw |elol

y/lvl vl auo-umpp g/lvl IVl szev wivl Wl sy ow/dvl vl osTey wivl vl osTiv wivl  Ivl ssTev w/Avl vl ssTuv u/lvl  Ivl ozogTolod ¥ 3ALwEND
(panuiuo)) 3se1 4ad saibsrens Huidnolb (Uesw S1N|OSCR SAIIE[SI 159MO]) Bulwiopad s1y) dol S1edIpul SISGUINU POg "1USIUl JUSUIIeSI]
DAI1RIND 10} OLeUDS 90UDI94RI 3y} pue saIbalens buidnolb MOIOM | Y pa1ebisaAul Syl UaamM1aq buiiiem sjusized JO JIqUINU J0) SODUDIDYIP SAIIB[S pue S1Njosqy § djgel




Page 12 of 17

207

(2021) 21

Lindberg et al. BMIC Health Services Research

%sPE  ¥OT IS1 %l9z  vOE  ISL %l9Z €0€  LSL %9/ /90 €97 %96 86T  YOT %S9 801 16T %00l 18T  OST %69 L0l 897 ol€ xew
%SE 000 000 %/E 000 000 %/E 000 000 %0 000 000 %/ 000 000 %0 000 000 %8 000 000 %0 000 000 000 ulw
%0L L9l SLO  %0L LLL vL0 %0L 0Ll SLO %0l vZ0  8€T %6y 6Ll Ol %k LLO YT %06 O€T  [TO0 %8 0C0 YW TST ueipaw
%8E €50 870 %SC 6Y0 YD %8T 6Y0  O¥0 %0l 9L0 /KO %0 090 60 %rL TT0 950  %lT /(90 €50 %l +T0 IS0 8¥0 ps
%lL €91 €80 %69 19l ¥80 %89 651 980 %LL SC0  WCT %95 8l [0l %8 8L0  €€7  %S8 80T LSO %L 80 87T W uesw  ¥D /L
%66 961 €Ul %66 L8l €L %00L L8l 6Ll %9 980 /0T %00l 0T 6Ll %y /UL 60T %L/ €1 181 %CE 180 9T €t xew
%/L 000 000 %LlE 000 000 %6l 000 000 %0 000 000 %S 000 000 %0 000 000 %0 000 000 %L 000 000 000 uw
%lg el SE0 %E9  SIL 090 %89 OUL SO %6 90 ZL1 %S9 LIl SS0 %6 SLO 091 %8 0SO /Tl %6 SLO (A A ueipaw
%CT €70 960 %6l 60  7€0  %0Z KO €60 %Ll 810 870 %0C YO  €€0 %6 0C0 870 %Sl 80 ¢€0 %8 SLO 870  S€0 ps
%eL €T 9r0 %S9 LIl 650  %/9 bl 950 %EL O L/l %99 L'l /SO %LL 070 091 %0E 150 07l %LL 610 VAR uesw dL "9
%66 € €L %98 ISY  brT %98 85T 617 WIEL 18T 6%  %S8  S6€ LT %ES YT 967 %O0CL 8lv  Ov'E %98 [ET 687 €S Xew
%l 000 000  %E 000 000 %9 000 000 %L 000 000 %O 000 000 %L 000 000 %0 000 000 %0 000 000 000 uw
%79 ¥ 760 %ES LUl 07l %ES LIl s8Il %EZ 090  €/T %0S 90l L€l %/l E£¥0 657 %y 880  b¥L %Ll CC0 vz e ueipaw
%l /80 Y0 %TC  ¥60  9¥0 %I  ¥60  SY0 %/ 090 €0 %lT  ¥80  6Y0 %EL Y0  ¥60 %Iz L0 €80  %EL 0 100 760 ps
%09 5L 60 %ev Ol LUl %6v L€l OUL %LE LL0 9T %Oy 1Tl 8Tl %8L SYO  8YC  %Ey 90l €91 %L 90 €T 9ve uesw  ars
%00l +TTL SPL %00l 99LL 951 %00l LZLL 951 %98 €S0l TTE %66 TLLL 6L1 %L S6€  9SLL %68 0€9  L9L %y 8SE 096 z€Tl xew
%ET 000 000 %Pl 000 000 %L 000 000 %0 000 000 %lE 000 000 %S 000 000 %L 000 000 %0 000 000 000 uw
%6 0L€ 7T0 %98 LS 690 %98 O€E 990 %6S 6T /8l %/8 €9€ /90 %8E 95l  SET  %8E 9L 9ET %l S50 6rs SO uejpaw
%l 7€ 860 %6l OTE  OVO %6l /LT€  T¥0  %ST  00€ 950 %L LS 90 %/l 8/0  00E  %¥C vOT 6Ll  %CL 00l e e ps
%68 v/ W0 %6L €¥v  TL0  %6L Wy LL0 %ES  LEE S8l %I8  Ovv  0L0 %8E 651 [SE %6E L€T 967 %LL 160 Yy LS uesw YW ¥
%00l 67°€ SPL %00l €€ 660 %00l €€ L€l %9 9/0  SE€E %00l €0€ 967 %96 6€1 867 WIEL 00€  ITE %8S 6L [0€  SE€ xew
%/L 000 000 %8l 000 000 %S8L 000 000 %0 000 000 %9 000 000 %0 000 000 %0 000 000 %0 000 000 000 ulw
%68 €T 0£0 %6 95T 00 %l6 SST  TT0 %S €L0 /9T %W8 OvT €0 %8 LT0  ¢/T  %T9 0Ll Ol %CTL ZE0 Svz 18T uejpaw
%8l 890 90  %EL 650 60 %l 090  TE0 %Ll PLO  ¥S0 %6l 0/0  ¥SO %9l LE0 650 %8T 080 00l %Pl OO0 950  ¥50 ps
%8 ST 9¥0 %88 YT 670 %8 6€C CE0 %8 L0 097 %I8 61T €50 %EL €0 €57 %S Ol 0Sl  %S8L 8v0 ST LT uesw D
%LOT  €LT 8IT %v/E 891 1TT %E6E S8l LTT %SOl YOT ST %9WE 65T LTT %68 OST 6611 %0ST [L9T  YET WET SLL 6lE 6T xew
%0 000 000 %L 000 000 %0 000 000 %0 000 000 %0 000 000 %L 000 000 %0 000 000 %S 000 000 000 uw
%ES S0 791 %es 080 0T %CS v/0 80T %0k OY0 €80 %69 /80 90T %lb vS0 990 %S/ 780 /81 %8 €50 %1 €€l uelpaw
%85 £50 990 %E6 050 0S50 %6 €50 VS0 %bC 90 bKO  %E8 S0 990 %ZZ €50 €€0 %/9 950 160 %S OVO ¥90 090 ps
%9 L0 8E1 %06 180 /81 %68 080 S8l %6E S50 €60 %C6 680 €1 %Ty S90  ¢/0  %¥8 160 ¥l %09 790 s61 Sel uesw  13d 7
%00l 05§ 6011 %00l 61S  8€€ %00l /LTS 8EE %ISC €€€ 89S %66 9US  9LT %8 SSv Oly %96 6%  16€  %9L 60F 6l 856 xew
%0T 000 000 %CZ 000 000 %zZ 000 000 %0 000 000 %9€ 000 000 %L 000 000 %Z 000 000 %L 000 000 000 ulw
%6L 8L 050 %6L Sl SYO  %eL SOl SYO  %EZ 090  1TT  %6L SOl OVO  %0E 650 /Tl %C9 SOl €40 %I £€0 671 ST ueipaw
%eT LT VEO %z L0l 80  %ET Ol 8/0 %8S /80 /LSl %/l €01 190 %Lz L0l 0/0 %S 960 660 %EC L0l €0 171 ps
%L Y6l €50 %SL €81 v90 %L 8l SO0 %TH S80  IST  %8L 061 /SO %EE L60 €51 %95 €€l LUl %8T 980 691 L¥T uesw pjnow °|
ylvl vl euourpp givl vl szev o wvl Wl szuv owdvl IVl osTev wdvl vl osTiv u/lvl vl sszv vl vl ssTiv w/vl  |vl oz/osToreund 4 INLVITIVd

ysey uad saibarens buidnolb (ueaw a1Njosge dAIe|R) 159MO|) Buluuiopad aa1yy dol 21edipul Slaguunu pjog “JUd3ul JUSW1eal) dAlel|ed

104 OLIPUIDS 9DUIDJD1 Y} pue sa1barelis buidnolb moppiom |y palebiisaAul 9yl usamiaq buiiem siusiied JO Jaquuinu 10j SaOUSIHIP used aAle|a) pue 91N|0sqy 9 a|qeLl



Page 13 of 17

(2021) 21:207

Lindberg et al. BMC Health Services Research

 *BI4 Ul paqudsap se soueuads Buidnolb MOIOM |Y JO UOIIBIOU ‘DIUBIBYIP dAIIR|D) m\_q_ ‘92UBI3YIp dINjOsge _q_
‘buluueld Juswieall 4/ pue ‘uouyap 196.el g ‘UONRIASP pIepuRlS (S ‘@dUdiaal Y ‘edueinsse Alijenb ) ‘Aydeibowol uoissiwa-uoisod 34 ‘Buibewr adueuosal dnaubew Yy ‘Aydeibowol paandwod |5 :suonpiraiqqy

%Sl 99% IS1 %09l Ovv 691 %E9l  IST L6l %80l 00€  CSE %CElL  S¥v  vCT %IL IWT  SE€Y %/CL 19€ €5€ %98 OlT sty 50§ xep
%ol 000 000 %8l 000 000 %9l 000 000 %0 000 000 %ZL 000 000 %L 000 000 %Z 000 000 %L 000 000 000 uw
%S, 881 [90  %lL 9LL  S80  %lL SLL ¥80  %bZ 790  L0T %69 OLL 960 %l IS0 ¥El %S [Tl 6Tl %9l E€0 90T e ueipajy
%87 801 SY0  wlE €01 S¥0  %CE SOl 9¥0  %WC L0 €90  %8T Ol LS0 %9l 60 160 %6C /80 160 %6l €50 ¥80 SOl pPs
%EL 10T L0 %EL €61 /80 %L €61 /80 %8BT (80 607 %lL 88l 760 %ET 90  LIT  %OS LSl OVl  %ET €50 g€ 19¢ ueay |exoL
ylvl vl euourpp givl vl szev w/vl Wl szuv owdvl IVl osTev wdvl vl osTiv w/lwl vl sszv vl vl ssTiv w/vl vl oz/osToseund 4 INLVITIVd

(panuiuo)) ysey 1ad saibajens buldnoib (Uesw 2INj0Sge dAIRR[RI 1S3MO)) Bulwiopad 331y doy a1edIpul SIaquinu plog 1Uaiul Juduieal} aAnel|jed
104 OLIPUIDS 9DUIDJDI Y} pue sa1ba1eiis buidnolb moppiom |y palebiisaAul 9yl Usamiaq buiiem siuaiied JO Jaquuinu 10) SaOUSIHIP Jusiied sAle|a) pue 91N|0sqy 9 a|qeL



Page 14 of 17

207

(2021) 21

Lindberg et al. BMC Health Services Research

%001l 618l 8/C /8 LEVL Y95  %/8 09%L o¥'s %95 910l €0l %/8 €67l €9 %89 €9¢ €691 %l8 80l €0l %¥. 9% 650C L6l xew

%/9 000 000 %/5 000 000 %l9 000 000 %EL 000 000 %0y 000 000 %0 000 000 %OL 000 000 %0 000 000 000 uw

%06 LLU'LL [0l %TL  9L8  YKE  WSL 9€6 06T %y S8v  S9L %99 T8 €€% %kl vSL L9l %0S 645 069 %Ll €C1 vrel LTl uelpaw

%8  L0¥ /80 %L SCe [4y} %9  8C¢ SCL %Ll €5¢ Le %8  L0€ oSt %C L S60 8CY %l £9C 9T %EL 8L vy vy ps

%06 €L 8I'L %l. 9/8  SSE  %S. Tl6  80€ %O cCl'S  8lZ %99 LIS 0Tk %SL [yl 68l %y LS ¥S9 %yl SSl /871 0Tl ueaw VO L

%66 S1'9 197 %6f €5T  SOS %9y €€CT  S8%  %6E LEC  SSS  %8E  SKT  L0S  %8E €91 989 %9E 6vT 605 %EE  €1T ¥99 069 xew

%l 000 000 %0 000 000 %L 000 000 %L 000 000 %0 000 000 %0 000 000 %C 000 000 %0 000 000 000 uw

%L 6V SEL %Tl 0S50  Thb %Il SSO  LEv %Il 850 /¥y %6 L0 6 %/ 670  9/v  %TL 850  /E% %/ LEO 9%  68% ueipaw

%6l 671 100 %0l 190 L0 %0l 850  ¥80 %0l ¥S0O  ¥60 %0l €90  8/0 %6 9¥0 /UL %6 S5O 180 %/ KO 760 90l ps

%L ¥ SEL %EL 690 0Tk %Sl /0 80v %SL T/0  OTh %TL  ¥90  £CF %OL 6¥0 8% %Sl 9/0  60% %6 SKO Sy 18V uesw dL9

%00l 9SGl 619 %8 999 8eel  %l8 /ST LELL %99S 1374 YOl %88  LlL 8Ll %blLL /9 0S¥l %8  67C 961 %6 (7474 LEVL  S¥8L Xxew

%1 000 000 %0 000 000 %0 000 000 %0 000 000 %l 000 000 %0 000 000 %0 000 000 %0 000 000 000 ulw

%l 10¢ 'y %0C 'l ¥8Y %l 080 S0S  %EC €L 'S %l Lzt LSY  %0¢E [4%4 08 %Pl /0 0% %9l 00'L 869 0¥'S uelpaw

%ST L€ 61 %Sl /91 08T %SL 650  €¥v %yl  SEL 655 %9l €07 VET %LE 08l /LS %Sl €80  88€  %EC vl 19 90% ps

%6E 0T %€ %lZ 85l YIS %OL  S80  ¥9  %IC 85l LLL %9T L6L SIS %0F YT 69/ %LL  ¥60  [¥9  %PT  SbL €9/ 769 ueaw ais

%00l L6€L 90 W6y /SS  C00L %8y O¥S  S8OL  %0E  SEE  OlWl  %EE  9/€  €8lL %9 VEE  E€SL  %OT €4T  9SEL  %8E 8T 9Tl SLvL xew

%8 000 000 %y 000 000 %S 000 000 %L 000 000 %L 000 000 %0 000 000 %0 000 000 %0 000 000 000 uw

%98 ST/ VL %lE  TST LS %9 0ST 609  %EL 680 09/ %8l /Sl 65/ %9 vK0  LI'8 %8 0/0  0l'8 %Ll 880 €08 888 uelpaw

%l €67 600 %CL 19l 9/l %0l S¥L  9/L %8 980  8¥T %8 960 607 %8 080 68T %9 /0  0ST %6 S80 9ge  16¢ ps

%8 95/ 8Vl %0E /8T  6l9 %9T ST 1S9 %EL 8L 06/ %8l O/l 9/ %6 180 /€8 %8 080  L¥8 %El bl 658 106 uesw YW ¥

%00l  ZS0€ oY %8 099l 666l %8 ST /¥l %EL OT6L 098l %8L 89SL  OLET %69 €8EL  €€8C %SLL €70l €69T %S/ SS9l 1867 €£T€ xew

%6C 000 000  %C 000 000 %E 000 000 % 000 000 % 000 000 %L 000 000 %L 000 000 %E 000 000 000 ulw

%8 vO'LL 9T %t  8YE YOl %ch  €€9 oL %Oy  LOS 06 %ce €8¢ ocel %0¢  00C LZLL %0¢ 0LV €87l %SC £€6'C gLl svl uelpaw

%91 006 LUl %8L LY s %l 099 €6’ %0C 509 087 %6l Sly 09 %9l (VA St/ %le  LTE ¢S %8l €81 8L/ 8¢6 ps

%6/ 08¢CL 6V %lE  6CS vELL %0y 0¥/ S8 %/E 199 l/'6 %CE 68%  ¥SCL  %0T 6Y¢ 89CL  %CE L9¥ Il'el  %8T (VA4 L2cL 0€6L ueaw 1D°€

%00l ¥1'9¢ 65 %lS 6SEL 65/l %SE SLOL €8l %9T ¢S9O STIT  %YS WrEL  OLSL %6  L¥y  90€C  %0E 908  SE0C  %EC  OEE 65€C  78'9C xew

%rE 000 000 %z 000 000 %L 000 000 %0 000 000 %E 000 000 %I 000 000 %L 000 000  %E 000 000 000 uw

%6 1061 vl %8E €97/ 6Ll %Lz 00V 9¥SL  %ClL  0ST  6V/L %Iy  8l'8  /SLL %Ll €61 8/l %EL  SKT  S¥LL %8 0S'L 9581l €2°0C uelpaw

%Ll 16S /80 %YL I8€ 98T %8 65T  €8€ %S 8yl €Sv  %bl 88€  S9T %S €60 WIS %L 8L LY  %¥ 690 755 ¥8S ps

%6 8891 L %eE  vY9  99°LL %0CT 0% 80Vl %TL T¥T  OLSL %YE €49  65LL %ZL V0T 809l  %EL /ST SSSL %6 LSl /591 808l uedw  J3d T

%00l ¥/9€ 19T %8 8YOZ 6% %E8 +9TC 90VT %I OSEC  ISST %98 /88l 8YEC  %H9 TIEL  WPYE  %l8 8Ll 6E67 %69 +8OL glee 615 xew

%v/ 000 000 %€ 000 000 %L 000 000 %l 000 000 %l 000 000 %0 000 000 %L 000 000 %C 000 000 000 uw

%6 TSLL 8EL %EE LS ISEL %SE  9E9  OVTL  %YE Ly ThWL %97 /SE  8SEL  %ST  90% €Sl %Iz 88E  LEEL %8l /SE €691 888l ueipaw

% 856 180 %/l 0SS IS %8l 9l9  l6¥ %0C 99 €9 %6l vT9  98%  %Cl  9l¥ ST/ %9l l6v  OF9  %vl 16T [SL 6V6 ps

%c6  LT6l 9¢'l %0t 089 iyl %se L6/ LTl %EE 6CL 6L %0€E 0L 0Crl  %ST 0SS L2991 %9T  08S 67l %CT (A 474 L5881l  C90C ueaw pjnop |
ANILYITIVA

/vl vl auo-urp y/vl vl szzv wiAvl vl sz wlvl vl osev vl Ivl osTiv wivl vl ssTzv wiAvl  Ivl ssTiv w/lvl  |vl oz/08 02104 4 +3IAILYEND

ysey 1ad saibarens buidnolb (ueaw a1njosge aAIe|Rl 159Mo|) buluiopad aa1yy dol a1edipul SISgUINU Pjog 1USIUl JUSWIeI)
Buipiebalsip OLRUSDS 9DUIRRI DY) pue saiba1ells buidnoib mopppom palebisaAul 9yl Usamiaq bulliem susied JO JaquUNU IO) SSOUSISHIP ARSI pUe 2IN|0SqY £ d]qel



Page 15 of 17

(2021) 21:207

Lindberg et al. BMC Health Services Research

G "Bi4 U1 paquIsaP se soleudds Huidnoib MOIBIOM Y JO UOIIRIOU ‘DDUIYIP AR m\_q_ ‘3DUIYIP dINjosqe
_q_ ‘buluueld Juswieasl 4/ pue ‘uoniuyap 1961e1 g ‘UoneIASP plepuels gs ‘9dualajRl Y ‘@dueinsse Alljenb v ‘Aydeibowol uoissiwa-uoaisod |34 ‘Buibewr adueuosal dnaubew [y ‘Aydesbowor paandwod 1) :SUonbINIQY

%001 SO'LC 99¢ %69 OFLL  08€l %99 O9CllL e8¢l  %0S €66  ¥99L %99 9/0L LovL %09  ¥/9 66l %S9 8L/L LE€LL %8S EV9 ¥90C €€CC xew
%ce 000 000 %0L 000 000 %0L 000 000 %¢E 000 000 %,/ 000 000 %l 000 000 %€E 000 000 %l 000 000 000 ulw
%08 L0l S8l wveE €Y oLl %t LTV 89/ %S¢ ¥8C e  %le  S8€E le€g %9l /L1 L60L  %lc 69T 296 %¥l €91 8¥'lL 60¢CL uelpaw
%l 6LS 00l %El  €0¢€ ¥8C  %El  1L0¢E 66C el  8L¢C ¥8e  %El  66C €6C  %ElL €81 8y %cl  0L'C 9%c  %el  SLL 89 LCS ps

%8 1901 98l %EE €9V L8 %le /9% %',  %ST  LS€E €56 wle vy P8  %6L €T 0Ll %CT POE 886 %LL /LlT oL el uesw |1elol
JAILYITIVd

4/lvl

vl auo-uryo /vl vl szzv o aidvl vl szuvowiwl vl osTzv wvl vl osTiv wiAvl vl ssev wdvl Il ssTiv /vl vl oz/osToreind 4 +3IAILYEND

(panuiuo)) 3se1 4ad saibsrens Huidnolb (Uesw S1N|OSCR SAIIE[SI 159MO)) Bulwiopad s34yl dol S1edIpul SISGUINU POg "1USIUl JUSUIIeSI]
Buipiebaisip OLRUSDS 9DUIRRI DY) pue saiba1ells buidnolb mopppom palebiisaAul 9yl Usamiaq bulliem siusiied JO JaquINU IO} SSOUSISHIP ARSI pUe 3IN|0SqY £ d]qel



Lindberg et al. BMC Health Services Research (2021) 21:207

those objects go through a multiple-step process with
different requirements of resource use at each step, it is
likely that the choice of aggregation method will have an
effect on the end results as will the investigated period
of time. Which aggregation method that is most appro-
priate needs, however, to be determined for that specific
situation based on the characteristics of available data.
Strengths of this study include the use of real-world
data from a large modern RT department, which cap-
tured yearly variations in the referral pattern of patients
to RT, and an objective approach to evaluate accepted
and new grouping strategies as a means to reduce the in-
put data set. By including all patients with an ICD-code
registered in ARIA®, and who were planned for RT dur-
ing the investigated period, the effect of rarely treated
diagnoses could be acknowledged for various grouping
strategies. We handled the data in weekly batches in our
model, although other studies have identified daily varia-
tions in referral patterns [7]. Potential effects by daily
variations will be further investigated in a full-scale SD
model instead of the current model which was primarily
designed to illustrate effects of grouping strategies in a
generic simulation modelling context. A future refined
version of the simulation model will acknowledge feed-
back loops to allow for patients to reverse in the process
with various tasks needing to be redone rather than the
single-direction of patient flows which is supported by
the current version. The current design may also explain
why we found the largest dependence on grouping strat-
egy in the last step of the RT preparatory tasks (QA),
where number of patients waiting can be expected to ac-
cumulate by the chosen design. With the over 100 pa-
tient care pathways identified in this study, conditions
for model building were excellent and effects by different
grouping strategies could really be tested. However, in-
vestigated correlations were strong leading to a certain
redundancy in using the Mann-Whitney statistic to
guide in similarity as a pre-processing step for our cus-
tomized grouping algorithm. This step would be more
important for less strongly correlating data than for the
information we explored here. We selected the smallest
number of groups by each scenario for analysis without
further evaluation of the included diagnoses or the
within-group differences. If these or other criteria had
been used for selection, larger groups would have been
the consequence. Since we wanted to identify as few
groups as possible, detailed investigation of other selec-
tion criteria was outside the scope of this study. Further-
more, results by the grouping strategies of our
customized algorithm depended on the ordering of data
and a permutation strategy was introduced to minimize
these effects. The total number of ways to order a set of
100 or more elements is far bigger than what is possible
to investigate exhaustively and we, therefore, decided on
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the proposed strategy with 10000 randomly selected or-
derings. Increasing the number to 100000 orderings had
no impact on the reported results, however, reducing
the number to 1000 failed to identify some of the
smaller solutions (data not shown). Finally, the results
presented here are specific for the investigated RT de-
partment. Produced results will always mirror the char-
acter of the incoming flow of patients during the studied
period of time. The proposed aggregation strategy, how-
ever, can be expected to work with a different dataset in
any general setting where resource usage can be used to
quantify the similarity of a process.

Conclusions

The need to group incoming patient flows to a simula-
tion model over the RT process is important to maintain
simplicity whilst acknowledging the highly variable data.
The accepted 80/20 Pareto rule can be expected to per-
form well as a grouping strategy for this purpose but
even better results may be achieved if using a grouping
strategy where a similarity measure between RT care
pathways are used to identify groups. Even if the latter
requires pre-processing of data, finding similarities be-
tween groups, with or without consideration of treat-
ment intents, it may also prove to be clinically useful in
other situations. Such examples include capacity plan-
ning of RT and dynamic re-planning of different RT
booking scenarios where reducing number of alterna-
tives may be of importance whilst still needing to ac-
knowledge the autonomy of each patient care pathway.
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