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A B S T R A C T

Background: The influence of computed tomography (CT) reconstruction algorithms on the performance of
machine-learning-based CT-derived fractional flow reserve (CT-FFRML) has not been investigated. CT-FFRML

values and processing time of two reconstruction algorithms were compared using an on-site workstation.
Methods: CT-FFRML was computed on 40 coronary CT angiography (CCTA) datasets that were reconstructed
with both iterative reconstruction in image space (IRIS) and filtered back-projection (FBP) algorithms. CT-FFRML

was computed on a per-vessel and per-segment basis as well as distal to lesions with ≥50% stenosis on CCTA.
Processing times were recorded. Significant flow-limiting stenosis was defined as invasive FFR and CT-FFRML

values≤ 0.80. Pearson's correlation, Wilcoxon, and McNemar statistical testing were used for data analysis.
Results: Per-vessel analysis of IRIS and FBP reconstructions demonstrated significantly different CT-FFRML values
(p≤0.05). Correlation of CT-FFRML values between algorithms was high for the left main (r= 0.74), left
anterior descending (r= 0.76), and right coronary (r= 0.70) arteries. Proximal and middle segments showed a
high correlation of CT-FFRML values (r= 0.73 and r= 0.67, p≤0.001, respectively), despite having sig-
nificantly different averages (p≤0.05). No difference in diagnostic accuracy was observed (both 81.8%,
p=1.000). Of the 40 patients, 10 had invasive FFR results. Per-lesion correlation with invasive FFR values was
moderate for IRIS (r= 0.53, p=0.117) and FBP (r= 0.49, p=0.142). Processing time was significantly shorter
using IRIS (15.9 vs. 19.8min, p≤0.05).
Conclusion: CT reconstruction algorithms influence CT-FFRML analysis, potentially affecting patient manage-
ment. Additionally, iterative reconstruction improves CT-FFRML post-processing speed.
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1. Introduction

Computational fluid dynamics (CFD) applied to coronary CT an-
giography (CCTA) has enabled non-invasive hemodynamic assessment
of coronary artery disease (CAD).1 CFD-based coronary CT-derived
fractional flow reserve (CT-FFR) represents an established approach
and has demonstrated high diagnostic accuracy for detecting lesion-
specific ischemia.2 However, powerful computational requirements
limit the use of this technology to supercomputers in off-site core la-
boratories.1

With the advent of artificial intelligence, it is now possible to non-
invasively derive FFR values using on-site, physician-driven work-
stations.3 Several trials have reported strong diagnostic performance of
a machine-learning-based coronary CT-FFR (CT-FFRML) software pro-
totype with a broad range of clinical benefits.3,4

However, the potential impact of CT reconstruction algorithms on
CT-FFRML derivation has not been sufficiently investigated and the
impact of different algorithms has not been evaluated in the same pa-
tient. Therefore, this study sought to assess and compare the influence
of iterative reconstruction in image space (IRIS) and filtered back-
projection (FBP) reconstruction algorithms on CT-FFRML values and
processing time using machine-learning-based software on a regular
workstation.

2. Methods

2.1. Patient population

This retrospective single center study was approved by the local
Institutional Review Board with a waiver for informed consent. The
study flowchart and enrollment criteria are presented in Fig. 1. Sixty-
one consecutive patients who underwent CCTA at our institution be-
tween May 2010 and January 2014 were included.

2.2. CT image acquisition protocol and image reconstruction

All CT scans were performed on a 2nd generation dual-source CT
system (Somatom Definition Flash; Siemens Healthineers, Forchheim,
Germany). CCTA protocol selection was performed as previously de-
scribed.3 IRIS series were reconstructed with the “I26f” algorithm
(“kernel”) and a strength factor of 3, while the “B26f” vascular kernel
was used for the FBP series.

2.3. CT-FFRML analysis and image quality assessment

CT-FFRML computation was performed using an on-site machine-
learning software prototype (cFFR version 3.0, Siemens Healthineers,
not commercially available). A 5-point Likert scale was used to rate
CCTA image quality according to vessel opacification, structural dis-
continuity, quality of contour delineation, and general image im-
pression (0= very poor, 1= poor, 2= fair, 3= good, 4= excellent).
An observer (DM) computed CT-FFRML values twice for each patient,
maintaining a three-week interval between analyses to minimize recall
bias. After defining the vessel centerline, lumen, and stenosis, the
software allowed for the computation of coronary blood flow and
pressures along a patient-specific 3D coronary tree, as previously de-
scribed.1,5 CT-FFRML values were determined for the left main (LM)
coronary artery, proximal, middle, and distal segments of the left
anterior descending (LAD) and right coronary arteries (RCA), as well as
proximal and distal segments of the circumflex artery (CX). Notably,
CT-FFRML measurements were computed distal to lesions with ≥50%
luminal stenosis. CT-FFRML processing time was recorded. Ten patients
had invasive FFR correlations available. CT-FFRML and invasive FFR
values≤ 0.80 defined a flow-limiting stenosis.6,7

2.4. Statistical analysis

Pearson's correlation coefficient (r) was used to assess correlations

Fig. 1. Study flowchart detailing enrollment, scanning procedures, and CT-FFRML computation.
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between IRIS and FBP-derived CT-FFRML values; differences were as-
sessed using Wilcoxon testing. Sensitivity, specificity, and diagnostic
accuracy were calculated for each reconstruction technique for the
detection of significant CAD using invasive catheterization as the re-
ference standard. Diagnostic accuracy was compared using the
McNemar test. All statistical analyses were performed using SPSS 24.0
(SPSS Inc., Chicago, Illinois). A p-value ≤0.05 was considered statis-
tically significant.

3. Results

3.1. Patient population

Table 1 shows baseline population characteristics. Of the 61 pa-
tients, 5 (8%) with coronary revascularization and 16 (26%) with poor
image quality were excluded. Therefore, 40 patients were included (23
men (57%), mean age 59 ± 10 years).

3.2. CT-FFRML results and time of analysis

In total, 160 vessels and 420 segments were analyzed. Image quality
of IRIS-reconstructed CCTA datasets were rated significantly higher
(2.88 ± 0.83) than FBP datasets (2.53 ± 0.78, p≤0.001) (Fig. 2).

Per-vessel analysis revealed significantly different CT-FFRML values
between reconstruction techniques for the LAD, RCA, and CX, but not
for the LM (Table 2, Fig. 3). Correlation between the two algorithms
was high for the LM, LAD, and RCA, whereas CX artery values showed
moderate correlation (Table 2, Fig. 3). Per-segment analysis revealed
significantly different CT-FFRML values between the two techniques for
proximal, middle, and distal segments (Table 2). Proximal and middle
segments showed a high correlation between the two algorithms;
however, distal segments demonstrated a weak correlation between
techniques (Table 2 and Fig. 3). In patients without invasive FFR, 41/85
(48%) lesions with ≥50% luminal stenosis were identified; however, in
12 of those lesions, the diagnosis for significant ischemia was positive
based on the IRIS algorithm, but negative according to the FBP dataset.
Invasive FFR measurements were available in 10 patients and a com-
parison with corresponding CT-FFRML values revealed no difference in
diagnostic accuracy between the two reconstructions (both 81.8%,
p=1.000), with identical sensitivities (87.5%) and specificities
(66.67%, p=1.000). Per-lesion CT-FFRML values showed a moderate
correlation with invasive FFR for both IRIS (r= 0.53) and FBP
(r= 0.49) datasets. CT-FFRML processing time was significantly shorter

Table 1
Baseline population characteristics.

Total population
(n= 40)

Patients with invasive
FFR
(n= 10)

p-value

Patients 40 10
Male 23 (58%) 5 (50%) 0.816
Age 59 ± 11 65 ± 12 0.792
Weight 79 ± 24 85.4 ± 26.8 0.401
Height 172.7 ± 15.6 166.4 ± 85.4 0.211
BMI 29.2 ± 6.7 30 ± 6 0.426
CV Risk factors
Hypertension 27 (67%) 8 (80%) 0.234
Diabetes 7 (18%) 2 (20%) 0.316
Dyslipidemia 27 (68%) 8 (80%) 0.234
Smoking history 31 (78%) 8 (80%) 0.687
Family history of
CAD

24 (60%) 5 (50%) 0.665

Data are presented as mean ± standard deviation, numbers with percentages
(%), or median with interquartile range if not normally distributed.
Legend: CV - cardiovascular; BMI - body mass index; CAD - coronary artery
disease; FFR - fractional flow reserve.

Fig. 2. Curved MPR (A) and transverse
section (C) of IRIS and corresponding FBP
datasets (D and F) showing a calcified
plaque (A and D, white arrows) causing
moderate stenosis of the LM artery in a 49-
year old woman. B and E show a close-up of
the calcified plaque (white arrowhead). IRIS
(G) and FBP-based (H) color-coded 3D mesh
reveals different values (CT-FFRML: 0.86 vs
0.90). (For interpretation of the references
to color in this figure legend, the reader is
referred to the Web version of this article.)

Table 2
Time requirements, per-vessel, and per-segment CT-FFRML values for IRIS and
FBP CT datasets.

IRIS FBP p-value Pearson's
correlation (r)

Time (min) 16 ± 5 20 ± 10 0.021*
CT-FFRML values
Per-segment
Proximal 0.99 ± 0.03 0.99 ± 0.02 0.008* 0.73
Middle 0.92 ± 0.09 0.93 ± 0.07 0.050* 0.67
Distal 0.80 ± 0.20 0.83 ± 0.15 ≤0.001* 0.43

Per-vessel
LM 1 ± 0.1 1 ± 0.1 0.094 0.74
LAD 0.88 ± 0.18 0.87 ± 0.16 0.002* 0.76
CX 0.93 ± 0.17 0.90 ± 0.16 0.024* 0.53
RCA 0.95 ± 0.12 0.96 ± 0.10 0.002* 0.70

Data are presented as mean ± standard deviation, numbers with percentages
(%), or median with interquartile range if not normally distributed; * indicates
statistical significance between IRIS and FBP datasets.
Legend: CT-FFRML Machine-learning-based coronary CT-derived fractional
flow reserve; IRIS - iterative reconstruction in image space; FBP - filtered back
projection; LM - left main; LAD - left anterior descending; CX - circumflex ar-
tery; RCA - right coronary artery.
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using IRIS datasets compared to FBP (15.9 vs. 19.8 min, respectively,
p=0.021).

4. Discussion

This study investigated the influence of IRIS and FBP on the results
and processing time of CT-FFRML. Results demonstrate that IRIS and
FBP-reconstructed datasets lead to significantly different CT-FFRML re-
sults, despite maintaining moderate-high correlations. The influence of
IR on specific aspects of CCTA has been largely documented (i.e. cal-
cium scoring).8–10 In prior investigations, differences between re-
construction algorithms were likely attributable to reduced image noise
and overall improved image quality.10,11 Thus, we believe our findings
somewhat resemble what was already addressed.

Additionally, in accordance with previous studies, our subgroup
analysis performed on patients with invasive FFR (n=10) showed
comparable diagnostic accuracy for detecting lesion-specific
ischemia.1,12 Nonetheless, in patients without invasive FFR, 12 lesions
with ≥50% luminal stenosis had a corresponding CT-FFRML positive for
ischemia with IRIS, but non-ischemic with FBP. Interestingly, this dis-
crepancy may lead to varying patient management strategies if CT-FFR
was used in a stand-alone clinical fashion.

The significantly faster CT-FFRML analysis achieved with IRIS-based
datasets was another important finding. The timeliness afforded by IRIS
can likely be attributed to decreased image noise, which allows for
improved automated vessel segmentation and a reduced number of
manual coronary segmentation corrections, as previously reported.13

Our study should be considered hypothesis-generating, as it high-
lights a topic that has been largely neglected in the scientific discussion
of a novel application. However, our investigation has several limita-
tions beyond its retrospective nature. First, the investigation was per-
formed on a small patient population. Studies with larger cohorts are
advisable to confirm or extend our findings. Second, not all technical
CT parameters were evaluated, since we only included a strength factor
of 3. Prospective studies are warranted to elucidate additional sources
of disparity between iterative and FBP datasets, particularly with the
new generation of iterative reconstruction algorithms. Lastly, invasive
FFR measurements were not available in all patients.

In conclusion, the present study demonstrates that CT reconstruc-
tion algorithms influence CT-FFRML analysis results, thus warranting
further investigations to assess clinical implications and develop sui-
table guidelines. Additionally, iterative reconstruction can improve CT-
FFRML post-processing speed.
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Supplementary data to this article can be found online at https://
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