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Abstract
Background  In patients with primary and secondary liver cancer, the number and sizes of lesions, their locations within 
the Couinaud segments, and the volume and health status of the future liver remnant are key for informing treatment plan-
ning. Currently this is performed manually, generally by trained radiologists, who are seeing an inexorable growth in their 
workload. Integrating artificial intelligence (AI) and non-radiologist personnel into the workflow potentially addresses the 
increasing workload without sacrificing accuracy. This study evaluated the accuracy of non-radiologist technicians in liver 
cancer imaging compared with radiologists, both assisted by AI.
Methods  Non-contrast T1-weighted MRI data from 18 colorectal liver metastasis patients were analyzed using an AI-enabled 
decision support tool that enables non-radiology trained technicians to perform key liver measurements. Three non-radiol-
ogist, experienced operators and three radiologists performed whole liver segmentation, Couinaud segment segmentation, 
and the detection and measurements of lesions aided by AI-generated delineations. Agreement between radiologists and 
non-radiologists was assessed using the intraclass correlation coefficient (ICC). Two additional radiologists adjudicated any 
lesion detection discrepancies.
Results  Whole liver volume showed high levels of agreement between the non-radiologist and radiologist groups 
(ICC = 0.99). The Couinaud segment volumetry ICC range was 0.77–0.96. Both groups identified the same 41 lesions. As 
well, the non-radiologist group identified seven more structures which were also confirmed as lesions by the adjudicators. 
Lesion diameter categorization agreement was 90%, Couinaud localization 91.9%. Within-group variability was comparable 
for lesion measurements.
Conclusion  With AI assistance, non-radiologist experienced operators showed good agreement with radiologists for quanti-
fying whole liver volume, Couinaud segment volume, and the detection and measurement of lesions in patients with known 
liver cancer. This AI-assisted non-radiologist approach has potential to reduce the stress on radiologists without compromis-
ing accuracy.
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Graphical abstract
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Technicians achieved: 
• ICC = 0.99 in whole liver volumetry
• 85.7% accuracy of lesion detection

Keywords  Liver cancer · MRI · Artificial Intelligence · Lesion detection · Colorectal liver metastases · Liver segmentation · 
Radiology efficiency

Introduction

Liver malignancy is ranked as the fifth and ninth most preva-
lent cancer among males and females respectively, and glob-
ally is the second leading cause of cancer-related mortality 
[1, 2]. Accurate and timely imaging analysis is crucial for 
therapeutic planning, whether for primary liver tumours such 
as hepatocellular carcinoma (HCC) or secondary lesions 
originating from other organs, particularly the colon, breast, 
or lung [3]. In the West, liver metastatic cancers are more 
frequent than primary tumours, although the incidence of 
HCC is rising rapidly; HCC is dominant in Asia [3]. Treat-
ment selection for both primary and secondary liver can-
cers is based on established guidelines such as BCLC [4], 
AASLD [5], EASL [6], and APASL [7]. The main curative 
approach for primary HCC is surgical resection, whereas 
liver metastases are often treated with neoadjuvant chemo-
therapy or regional radiotherapy [8]. Detailed quantitative 
assessment of a lesion’s characteristics and location, as 
well as assessment of the future liver remnant, are therefore 
required for determining an appropriate course of treatment.

However, such assessments take time, while radiologists 
are already struggling with ever-increasing workload [9, 10], 

that has grown consistently over the past fifteen years [11]. 
This surge is driven in part by the rapidly growing utiliza-
tion of diagnostic imaging modalities, particularly magnetic 
resonance imaging (MRI) and computed tomography (CT) 
[9, 11]. Burnout is now a pressing concern with a recent esti-
mate of as many as 34% of radiologists reporting high levels 
of occupational stress and extended working hours [12, 13].

To address these challenges, new clinical practice strate-
gies are being explored. Specifically, in the realm of hepatic 
oncology management, AI-assisted techniques employing 
deep learning algorithms have demonstrated capability to 
provide preliminary delineations of the liver, Couinaud 
segments, and identifiable lesions [14]. Such AI-generated 
contours can be edited and refined, improving inter-operator 
agreement, and reducing the time previously expended by 
radiologists on manual segmentation tasks.

In this study, we investigate an approach to alleviate 
radiological workload without compromising on quality. 
Non-radiologist but experienced technicians, assisted by an 
AI-enabled software tool that provides initial segmentation 
suggestions, were tasked with performing hepatic segmenta-
tion, Couinaud segment division for volumetry and lesion 
detection, and measurement. Their accuracy was compared 
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to that of experienced radiologists. The goal of the work 
is to evaluate the potential of this AI-assisted approach to 
enhance radiology workflow efficiency without compromis-
ing analytical quality.

Methods

Data acquisition

This study utilized non-contrast T1-weighted (T1w) MRI 
data from 18 patients with confirmed diagnoses of colorec-
tal liver metastases. The scans were acquired as part of the 
Precision1 clinical trial (NCT04597710) using a Siemens 
1.5 Tesla Aera scanner. The MRI scans were an integral 
component of the treatment planning process at the time of 
acquisition.

Image analysis protocol

T1 weighted scans were analyzed independently by a total 
of 6 individuals—3 experienced technicians (“analysts”) 
and 3 radiologists. All 6 readers utilized Hepatica™ soft-
ware (Perspectum Ltd, Oxford, UK, trademarked in the 
UK and Europe region), an AI-enabled decision support 
tool designed for liver imaging analysis. The Hepatica 
software uses a convolutional neural network (CNN) to 
automatically delineate the liver, including the caudate 
lobe, from the 3D MRI data (Example in Fig. 1). The ana-
lysts fine-tuned these AI-generated segmentations using 

the software's manual editing tools. For Couinaud seg-
mentation, each analyst manually positioned eight prede-
fined anatomical landmarks within the tool's interactive 
3D visualization interface. These landmarks included the 
inferior vena cava (superior and inferior zones), middle 
hepatic vein, gallbladder fossa, right hepatic vein, umbili-
cal fissure, and the right and left portal veins. The software 
then automatically calculates the planes dividing the liver 
into the nine Couinaud segments based on combinations 
of these user-provided landmarks and the caudate segmen-
tation [15]. In addition to liver segmentation, the soft-
ware provides initial delineations of any suspected lesions 
within the liver parenchyma. The AI-assisted tool used in 
this study was specifically trained on non-contrast T1w 
images, leveraging advanced deep learning techniques to 
enhance lesion detectability even without contrast [14].

The analysts refined these AI-generated lesion contours 
and manually removed incorrect detections (false posi-
tives) and delineated any additional lesions missed by the 
AI (false negatives). All analysts had knowledge of a con-
firmed cancer diagnosis but were otherwise blinded to the 
patients' clinical information. Each analyst conducted their 
analyses independently to ensure unbiased assessments. 
The technicians underwent twelve hours of anatomy 
training prior to commencing analysis, this included liver 
anatomy, vascular anatomy, Couinaud division, and funda-
mental principles of liver assessment by MRI. Both groups 
received three hours of specific training to ensure profi-
ciency with the AI-assisted Quantitative Multiparametric 
MRI tool. The analysis workflow is depicted in Fig. 2.

Fig. 1   Example of segmenta-
tions generated by analysts. a 
Slice of patient with colorectal 
liver metastases. b Tumour 
segmented in green. c Liver 
segmented  in red. d Couin-
aud segmentation of the liver, 
after removing the lesion from 
the delineation mask. Red 
represents segment 7, maroon 
represents segment 8, Light blue 
represents segment 4a and navy 
represents segment 2
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Statistical analysis

Interclass correlation coefficients (ICCs) were calculated to 
assess agreement between the non-radiologist and radiolo-
gist groups for whole liver volume and Couinaud segment 
volumetry. Bland–Altman plots were used to evaluate bias 
and limits of agreement (LOA) for whole liver volume meas-
urements. Lesion detection accuracy was determined using 
the majority vote of the three radiologists as the ground 
truth. To measure agreement on lesion size measurement, a 
set of categories was defined according to thresholds present 
in the decision tree of the Barcelona Clinic Liver Cancer 
(BCLC) staging system [4]: < 2 cm, 2–3 cm, 3–4 cm, and 
4–8 cm. Agreement on the category assigned by each group 
was measured as follows. The overall percentage agree-
ment between the non-radiologist and radiologist groups 
in detecting the presence of lesions within each Couinaud 
segment was calculated. For lesions identified solely by the 
non-radiologist group, an adjudication panel consisting of 
two additional radiologists, reviewed the MRI scans and the 
delineated lesions in order to assess their validity. The diag-
nostic accuracy, sensitivity, and specificity of the non-radi-
ologist group in detecting lesions were calculated using the 
adjudicated results as the reference standard. The inter-rater 
variability within each group was assessed for whole liver 
and Couinaud segment volume, lesion size categorization 
and Couinaud segment presence using pairwise comparisons 
of the three members of each group.

Results

A total of 18 patient data are included in the full analy-
sis (median age of 66 years, 50% female). All patients 
had colorectal liver metastases. Mean liver volume was 
1642 ± 443 ml with an average of 2.67 lesions per patient.

Agreement regarding lesion size categorization for each 
combination ranged between 0.80, 0.83, and 0.68 for radi-
ologists and 0.72, 0.68, and 0.68 within the non-radiologist 
groups. Agreements in Couinaud locations of the lesions 
were 84.9%, 80.2%, and 82.4% for radiologists and 88%, 
85.4%, and 83.3% for analysts.

There was good agreement in the measures of whole liver 
volume between the groups, with an ICC of 0.99, a low bias 
of -0.06%, and LOA of [-1.49%, 1.42%] (Fig. 3). For Cou-
inaud segments, ICC ranged from 0.767 in segment 4b to 
0.961 in segment 8. Each group's variability is detailed in 
Table 1.

A total of 41 lesions were identified by both radiolo-
gists and analysts. The non-radiologist analysts detected an 
additional 15 structures, 7 were considered lesions and 8 
non-lesions by the adjudicator panel. Using the adjudicator 
assessment as ground truth, the analysts had an overall diag-
nostic accuracy of 85.7%, with 100% sensitivity and 85.7% 
specificity. When including the lesions not initially detected 
by the radiologists but later included after adjudication, they 
reached an accuracy of 87.5%, with 85.4% sensitivity and 
100% specificity (Summarized in Fig. 4).

Fig. 2   Overview of the study workflow comparing the performance 
of AI-assisted technicians and radiologists in liver cancer imaging 
analysis. The AI-assisted tool (Hepatica, Perspectum Ltd, Oxford, 
UK) provides initial segmentations of the liver, Couinaud segments, 
and lesions, which are then refined by the raters. Raters also manu-

ally place anatomical landmarks for Couinaud segmentation. The tool 
extracts metrics from the raters’ outputs, enabling statistical com-
parisons between and within the technician and radiologist groups to 
assess the accuracy and agreement of the AI-assisted approach
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Both groups agreed on the presence of lesions in Couinaud 
segments in 91.9% of cases.

The 41 lesions detected by both groups ranged in volume 
between 1.3 ml and 43.4 ml and diameter of 1.1–5.1 cm. Out 
of the 41 lesions, 90% of the lesions were assigned the same 
size category when comparing the mean diameter of each 
group lesions there was agreement between lesion size group-
ing based on the mean diameter (Fig. 5).

Discussion

The primary aim of this study was to assess the accuracy 
of trained technicians in performing liver segmentation, 
Couinaud segmentation and lesion detection and deline-
ation. The experienced technicians' performance was 
compared with that of experienced radiologists, with a 

Fig. 3   Bland–Altman compari-
son of similarity in whole liver 
volume measurements between 
mean of technicians and 
radiologists. dotted light-blue 
line represents bias (− 0.06%) 
and dotted navy line represents 
upper and lower LOA (− 1.49%, 
1.42%)

Table 1   Summary of agreement between radiologists and technician groups and agreement within each group

Metric Mean Rad 
vs Mean 
Tec

Tec1 vs Tec2 Tec1 vs Tec3 Tec3 vs Tec2 Rad1 vs Rad2 Rad1 vs Rad3 Rad2 vs Rad3

Whole liver volume (ICC) 0.999 0.999 0.999 0.999 0.999 0.999 0.998
Sg1 liver volume (ICC) 0.887 0.932 0.873 0.751 0.978 0.981 0.944
Sg2 liver volume (ICC) 0.935 0.871 0.904 0.848 0.911 0.872 0.872
Sg3 liver volume (ICC) 0.941 0.850 0.857 0.899 0.899 0.876 0.786
Sg4a liver volume (ICC) 0.885 0.859 0.871 0.955 0.820 0.856 0.901
Sg4b liver volume (ICC) 0.767 0.877 0.848 0.784 0.595 0.643 0.766
Sg5 liver volume (ICC) 0.932 0.863 0.876 0.907 0.859 0.829 0.695
Sg6 liver volume (ICC) 0.873 0.895 0.948 0.849 0.857 0.752 0.71
Sg7 liver volume (ICC) 0.951 0.929 0.887 0.896 0.878 0.757 0.766
Sg8 liver volume (ICC) 0.961 0.945 0.954 0.908 0.923 0.885 0.824
Lesion diameter (category accuracy) 0.9 0.68 0.80 0.83 0.68 0.68 0.72
Lesion couinaud segment location 

(OPA)
91.9 88 85.4 83.3 84.9 80.2 82.4
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particular focus on inter-operator variability. The results 
showed excellent agreement between technicians and 
radiologists.

The participating radiologists had an average of 13 years 
of experience, while the technicians had backgrounds in 
biology but no prior experience in radiology. Despite this, 
the liver volumetry results demonstrate that, with appropri-
ate training and AI assistance, technicians are capable of 
accurately delineating livers and partitioning the volume into 
Couinaud segments based on manually placed anatomical 
landmarks. Significantly, their results agreed strongly with 
those of the radiologists, with inter-rater variability simi-
lar to that observed between radiologists. With respect to 
lesion detection, all lesions segmented by at least two out 

of three radiologists were also identified by most techni-
cians. However, technicians detected an additional 15 struc-
tures that were not flagged by radiologists. An adjudicator 
panel, composed of two radiologists with 15 and 18 years 
of experience, assessed these structures and agreed that 7 
out of these 15 identified structures were indeed lesions; 
the remaining 8 structures were deemed to be non-lesion, 
representing inconsequential, benign findings such as par-
tial volume artifacts or blood vessels (Example in Fig. 6). 
Among the lesions delineated by most participants in both 
groups, there was remarkable consistency in terms of diam-
eter and Couinaud location, indicating large independence 
of the analyst, minimizing the potential for variations that 
could affect treatment decisions and planning based on 

Fig. 4   Comparative performance metrics between radiologists and 
technicians in lesion segmentation. The table displays the number of 
lesions correctly segmented (true positives) and missed (false nega-
tives), along with the number of non-lesion regions accurately left 

unsegmented (true negatives) and incorrectly segmented (false posi-
tives). Sensitivity, specificity, and accuracy percentages are calculated 
based on these values to evaluate the diagnostic performance of each 
group

Fig. 5   Comparison of lesion size measurements between AI-assisted 
technicians and radiologists. a Scatter plot of mean lesion diameters 
measured by technicians and radiologists. The pink line represents 
perfect agreement, while the dotted light-blue lines indicate the Bar-
celona Clinic Liver Cancer (BCLC) staging system thresholds of 2, 3, 
and 4 cm. b Confusion matrix displaying the agreement in lesion size 

categorization based on the BCLC thresholds. The x-axis represents 
categories based on the mean of technicians’ measurements, and the 
y-axis represents categories based on the mean of radiologists’ meas-
urements. The colour intensity indicates the number of lesions in each 
category combination, with darker shades representing higher counts
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lesion characteristics. Discrepancies between the groups 
were lower than those measured within each group, pri-
marily because accuracy samples are based on the mean of 
three measurements, whereas group variabilities compare 
single measurements. Variability within both groups was 
comparable for lesion diameter categorization and location 
in Couinaud segments. Despite similar overall accuracies 
in lesion detection, the technicians group exhibited a ten-
dency towards over-detection compared to radiologists, who 
had a higher specificity. Their agreement was partly aided 
by the initial mask provided by the AI model, which has 
been shown to increase agreement [14]. To further refine 
the pipeline for clinical deployment, a final review step by a 
radiologist could be introduced, focusing on removing false-
positive lesions flagged by technicians.

To address the challenges of radiology in recent times, 
new clinical strategies are being explored, such as radiolo-
gists overseeing pre-calculated outputs and employing per-
sonnel with lower levels of specialization, while integrat-
ing AI-based tools. Several studies have highlighted the 
potential of integrating AI with non-specialist personnel 
in radiology. For instance, Sullivan et al. demonstrated that 
technologists could effectively perform total metabolic 
tumor volume measurements with AI assistance [16]. Sim-
ilarly, Suman et al. (2020) found that trained technologists 
could reliably conduct volumetric pancreas segmentation 
on CT images [17]. In the field of RECIST measurements, 
Gouel et al. showed high reproducibility when technolo-
gists performed RECIST 1.1 measurements in breast can-
cer follow-up [18], supported by Beaumont et al., who 

optimized workflows for RECIST assessments [19]. Stud-
ies have also shown that non-specialists can accurately 
quantify arterial obstruction in pulmonary embolism [20] 
and measure leg length discrepancies [21]. AI integration 
has significantly improved lesion detection accuracy in 
various contexts, including real-time skin lesion assess-
ment, colonoscopy for diminutive polyp identification, and 
breast cancer detection in mammography [22–24]. These 
advancements underscore the potential for AI to support 
less specialized personnel in complex diagnostic tasks. 
Building on this foundation, our study demonstrates high 
agreement levels between radiologists and technicians in 
liver volumetry and lesion detection during liver resec-
tion. This suggests that AI-assisted non-specialist person-
nel can effectively reduce the workload on radiologists 
without compromising diagnostic accuracy. By leveraging 
AI tools, radiology departments can potentially optimize 
workflow efficiency and improve diagnostic outcomes.

The integration of AI into the workflow potentially 
bridges a proficiency gap, ensuring high-quality analysis 
and diagnosis even when highly skilled radiologists are 
not directly involved. By leveraging the strengths of AI 
and the human element provided by technicians, a more 
efficient and accessible diagnostic process is facilitated, 
optimizing the utilization of available radiological exper-
tise. Furthermore, implementing an AI-assisted techni-
cian approach in radiology departments could potentially 
lead to cost savings. By reducing the reliance on highly 
specialized radiologists for routine tasks and improving 
workflow efficiency, this approach could enable radiology 

Fig. 6   Example of structures 
segmented by technicians but 
not by radiologists. a Adju-
dicated by panel as lesion. b 
Adjudicated by panel as not-
lesion
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departments to handle a higher volume of cases without 
compromising quality.

This study has several limitations. First, the sample 
size of 18 cases is relatively small, and the range of liver 
pathologies analyzed was limited, focusing primarily on 
patients with colorectal liver metastases. A larger dataset 
with a wider variety of clinical scenarios, such as primary 
liver tumors and other metastatic origins, would strengthen 
the assessment of the AI-assisted technician approach and 
improve the generalizability of the findings. Second, the 
image dataset was confined to one scanner model and 
manufacturer, though our experience suggests this is not 
a severe limitation. Third, as the study aims to assist in 
treatment decision-making and planning for patients pre-
viously diagnosed with liver cancer, the operators were 
aware of the presence of at least one lesion. Providing 
diagnostic clinical information prior to the execution of 
the pipeline could further improve the specificity of the 
operators. Finally, a comparison between radiologists 
with and without AI assistance would have been valuable 
to evaluate the effect of the assistance and potential time 
reduction. Addressing these limitations in future studies 
would provide a more comprehensive evaluation of the 
AI-assisted technician approach in liver cancer imaging.

In conclusion, this study suggests that AI-assisted tech-
nicians can achieve performance comparable to radiolo-
gists in liver segmentation, Couinaud division, and lesion 
detection. While this approach may improve radiology 
department efficiency, it is important to consider the AI 
results alongside patient clinical information. Radiologist 
supervision remains essential for interpreting the AI out-
put within the broader clinical context and making final 
patient management decisions. Future studies should 
explore the integration of AI-assisted technicians into clin-
ical workflows, assessing both quantitative performance 
and impact on patient outcomes.
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