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Abstract
The shortcomings of qualitative visual assessment have led to the development of computer-based tools to
characterise and quantify disease on high-resolution computed tomography (HRCT) in patients with
interstitial lung diseases (ILDs). Quantitative CT (QCT) software enables quantification of patterns on
HRCT with results that are objective, reproducible, sensitive to change and predictive of disease
progression. Applications developed to provide a diagnosis or pattern classification are mainly based on
artificial intelligence. Deep learning, which identifies patterns in high-dimensional data and maps them to
segmentations or outcomes, can be used to identify the imaging patterns that most accurately predict
disease progression. Optimisation of QCT software will require the implementation of protocol standards to
generate data of sufficient quality for use in computerised applications and the identification of diagnostic,
imaging and physiological features that are robustly associated with mortality for use as anchors in the
development of algorithms. Consortia such as the Open Source Imaging Consortium have a key role to
play in the collation of imaging and clinical data that can be used to identify digital imaging biomarkers
that inform diagnosis, prognosis and response to therapy.

Knowledge past and present
Interstitial lung diseases (ILDs) comprise a vast group of pulmonary disorders. All patients with idiopathic
pulmonary fibrosis (IPF) and some patients with other fibrosing ILDs (fILDs) develop progressive
pulmonary fibrosis (PPF), characterised by worsening of lung function, symptoms and quality of life, and
high mortality [1]. fILDs have a variable clinical course [2–5]. The introduction of effective therapies
[6–9] has increased the need for biomarkers that predict outcomes in patients with fILDs, but likely added
to the complexity of predicting outcomes. Forced vital capacity (FVC), the pulmonary function biomarker
routinely used in clinical trials, has limitations, including a low sensitivity to small changes and the need
for serial measurement to determine longitudinal changes that inform prognosis [10, 11]. In addition, since
antifibrotic therapies slow FVC decline, the incremental benefit of new drugs will require increasingly
sensitive biomarkers to capture treatment effects.

High-resolution computed tomography (HRCT) plays a key role in the diagnosis and management of
fILDs [1]. Classification of the pattern evident on HRCT, in particular the identification of the usual
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interstitial pneumonia (UIP) pattern, and assessment of disease extent, allow the identification of patients at
higher risk of progression regardless of the underlying disease [12–18]. However, qualitative visual
assessment of HRCT is limited by high inter-observer variability and shows low sensitivity in the assessment
of changes over time [19–22]. Honeycombing, a feature of UIP on HRCT and a predictor of mortality, is
often misclassified, particularly when there is coexistent emphysema [19, 23]. Composite scoring systems
that integrate HRCT findings with demographic information and pulmonary function tests (PFTs) can
improve mortality predictions [24–26] but have not been widely implemented.

The shortcomings of visual assessment have motivated the development of computer-based tools to
analyse and quantify disease on HRCT. Software for quantification of disease extent is usually referred to
as quantitative CT (QCT). These software packages have moved from histogram- or threshold-based
analysis of lung density to software based on feature engineering and machine learning (ML) [27]. Basic
patterns quantified by this software include reticulation, ground-glass attenuation and honeycombing, while
some tools assess specific parameters; for example, subtypes of low-attenuation areas are quantified by
CALIPER (Computer-Aided Lung Informatics for Pathology Evaluation and Ratings) [28]. Unlike visual
scoring, these applications provide objective and reproducible results and are sensitive to longitudinal
changes in disease extent [26, 29, 30]. Computerised applications can also detect changes in lung volume
[31, 32]. QCT parameters are predictive of measures of ILD progression, including FVC decline and
mortality [18, 31, 33–38]. Importantly, QCT tools are able to identify prognostic biomarkers that are not
detectable to human eyes, such as the vessel-related structure measured by CALIPER, which is a strong
predictor of mortality in patients with IPF [34].

Functional respiratory imaging (FRI) enables the quantification of functional parameters in addition to
attenuation-based analysis [39]. By applying a computational flow simulation, airways resistance can be
calculated. FRI performs volumetric structural analysis of airways and vascular structures (figure 1). The
airway volume calculated by FRI provides a way to quantify traction bronchiectasis and has been shown to
be predictive of functional decline in patients with IPF, including those with preserved FVC [40].

Applications developed to provide a diagnosis or pattern classification of HRCT images are mainly based
on artificial intelligence (AI) [41]. Initially these tools were mainly used for recognising specific features,
such as honeycombing or reticulation, with high accuracy on small patches of images. In the last few
years, software able to identify patterns on whole CT images has become available [42]. Software based
on AI that provides a radiological classification of HRCT based on guideline criteria for a UIP pattern has
demonstrated a performance equivalent to that of expert thoracic radiologists [43].

Most of the QCT parameters described here have been validated against PFTs and patient outcomes [30,
34, 36, 44–47]. The use of derivation–validation cohort study designs has helped to prevent spurious
conclusions being drawn from models overfitted on a single population [34, 43]. The sensitivity of these
tools for identifying patients at high risk of progressive disease means that they could facilitate enrichment
of clinical trial populations, reducing the sample size and follow-up time required to detect treatment
effects with confidence and so reducing costs [34].

Unmet needs: imaging frontiers in fibrotic lung disease
The advent of antifibrotic therapies has created an urgent need for biomarkers that reliably predict disease
behaviour and response to treatment. Disease monitoring, characterisation of early disease and prediction
of progressive fibrosis represent three clinical problems for which QCT may provide solutions.

Disease monitoring
QCT consistently outperforms human-based CT evaluation. However, many traditional QCT tools rely on
“feature engineering” with the computer quantifying pre-specified CT patterns after training by expert
radiologists, a process that is time-consuming, requires high-level domain expertise and incorporates the
lack of reliability of visual analysis. Further it requires that the image features best reflecting disease extent
or progression be known a priori and does not allow for the discovery of novel imaging biomarkers that
may be clinically significant but are undetectable visually. These difficulties are overcome if image
features are learned automatically using a general-purpose learning procedure. Deep learning is a form of
ML that identifies patterns in high-dimensional data, such as the voxel data in medical images, and maps
those patterns to pre-specified end-points such as diagnosis or disease progression [43, 48–50]. Data-driven
textural analysis combines an unsupervised approach based on cluster analysis of voxel data and a
convolutional neural network to detect and quantify fibrosis on CT (figure 2) [30, 51, 52].

https://doi.org/10.1183/16000617.0055-2023 2

EUROPEAN RESPIRATORY REVIEW INTERSTITIAL LUNG DISEASE | S.L.F. WALSH ET AL.



Predicting progressive pulmonary fibrosis
PPF or the “progressive fibrotic phenotype” are umbrella terms that describe patients with an ILD other
than IPF that has progressed despite management based on “standard” therapy for that ILD
(e.g. immunosuppressive therapy for many ILDs). Criteria for the identification of PPF are generally based
on decline in lung function, worsening radiological fibrosis and deterioration in symptoms, although slightly
different criteria have been used in different studies [9, 53–60]. In May 2022, a group of international
associations published criteria for the identification of PPF in patients with ILDs other than IPF,
acknowledging that these require further validation [1]. PPF is associated with poor outcomes, including high
mortality [55, 56–61] and a drawback of the current criteria is that patients must show significant
progression, which is likely irreversible, before PPF is identified and treatment can be started. Thus, the lack
of reliable predictive data at baseline represents an unmet need for the effective management for patients with
fILDs. Predicting PPF using CT can be viewed as a pattern-recognition problem amenable to computer-based
analysis, i.e. by anchoring computer model training to future disease behaviour. This might permit the
identification of CT biomarkers or phenotypes that stratify patients into groups based on outcome.

Characterisation of interstitial lung abnormalities (ILAs)
ILAs present a challenging imaging problem. Longitudinal cohort studies have demonstrated shared
clinical and genetic associations between ILAs that are incidentally detected on CT and IPF [62–64].
However, the prevalence of ILAs greatly exceeds that of IPF, meaning that only a minority of individuals
with ILA develop IPF. Currently, it is not possible to predict which ILAs will progress. As with the
diagnosis of ILDs, classification of ILAs is based on visually defined CT patterns, not disease behaviour.

a) b)

c) d)

FIGURE 1 Images obtained using functional respiratory imaging, which combines high-resolution computed
tomography and computational fluid dynamics technology. a) Blood vessel volumes in a patient with
idiopathic pulmonary fibrosis (IPF). b) Airways in a patient with IPF. c) Blood vessel volumes in a patient with
coronavirus disease 2019. d) Airways, blood vessel volumes and emphysema in a patient with COPD. With
permission from Jan De Backer (FLUIDDA).
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However, unlike in established fILD, where there are agreed definitions for CT patterns, the current
definition of an ILA captures essentially any CT pattern that exceeds 5% in any lung zone [65]. This
makes it challenging to develop prognostic computer models based on ILA morphology. Novel ML-based
image analysis approaches may provide a solution by anchoring algorithmic training to the behaviour of
ILAs rather than to their morphology, avoiding the need to make a priori assumptions about the prognostic
value of individual ILA patterns.

Obstacles and potential solutions
Quantity and quality of data
A significant challenge to capitalising on novel approaches to image analysis in fILDs is that legacy
imaging repositories are often of insufficient quality or quantity to drive algorithm development [66]. This
is particularly true in ILAs, where cohort enrichment strategies are likely to be needed. As visual
assessment is regarded as relatively insensitive to subtle changes on CT, high-quality longitudinal CT
datasets in fILDs are scarce. The insufficient quantity of data means that datasets need to be combined, but
even this may not solve the problem of inadequate diversity (and so generalisability) of the data set.
Solving these problems will require the development and implementation of imaging protocol standards
that will provide data of sufficient quality for use in computerised applications and the use of consortia
such as the Open Source Imaging Consortium (OSIC) to collate data from multiple institutions in different
countries in a centralised way.

Consensus on anchors
A further obstacle to the development of QCT tools is the lack of agreement on the reference standards that
should be used for training the computer. This lack of adequate anchors applies to diagnosis, imaging
features and physiological changes. While multidisciplinary team (MDT) discussions are regarded as the gold
standard for diagnosis of ILDs and have been shown to improve diagnostic confidence for IPF [67, 68], there
is no consensus on the composition or procedure for conducting an MDT discussion [69]. In addition, MDT
discussions have not been shown to be associated with improved outcomes. Imaging features used as anchors

a) b)

c) d)

FIGURE 2 Coronal reconstructions with and without data-driven textural analysis (DTA) overlay of a) a patient
with idiopathic pulmonary fibrosis (DTA score=36.0) and b) a patient with nonspecific interstitial pneumonia
(DTA score=14.4). With permission from Stephen Humphries (UCLA, Los Angeles, CA, USA).
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are subject to issues of high inter-observer variability, poor reproducibility and low sensitivity to change [20,
22]. Physiological anchors such as FVC and diffusing capacity are subject to variability and missing data and
there is no consensus on what constitutes “progression” or “treatment response”. The solution to these
problems will be the collection of more data on hard end-points, as well as on diagnostic, imaging and
physiological features robustly associated with mortality, to use as anchors in the development of algorithms.

Governance issues
The data governance considerations that apply to the development of QCT applications for fILDs are by no
means unique to this field. To improve patient care across diseases, there is a need to make healthcare
systems “data ready”, i.e. structured in a way that enables the data needed to develop algorithms to be
easily pulled from the system. However, this must be done in a way that ensures the security and
confidentiality of the data and respects patients’ privacy. The potential for bias in the data collected
(leading to inadequate diversity and so to a lack of generalisability of the algorithms developed) also needs
to be considered. The solution to these challenges lies in the centralised collection of data with the best
governance standards applied, clarity on data ownership and communication of the value of “big data” for
research that will ultimately benefit patients.

Open-source data in a closed ecosystem
Initiatives that aim to effect change may be hindered by issues that are not only financial, legal or
technological, but also arise from ingrained beliefs, emotions and behaviours. Challenges to the creation of
an open-source repository of HRCT scans from patients with fILDs included a historically closed
ecosystem, regulatory unknowns and the fear that accompanies data sharing. In creating the OSIC Cloud
Data Repository (https://repository.osicild.org/repository), the necessity for patient anonymisation/
pseudonymisation was complicated by the need to link patients’ clinical data to their imaging data. OSIC’s
solution was a three-pronged workflow that 1) created an offline workflow, including a 38-page electronic
case report form, to anonymise data prior to uploading, 2) provided a secure environment in which the
data could be accessed for quality control purposes by contributors via an encryption key prior to allowing
wider access, and 3) allowed OSIC to review data prior to being uploaded into the database.

A core principle of OSIC is to combine varied perspectives. Collaboration among experts in pulmonology,
thoracic radiology and ML/AI from multiple institutions is the key to addressing multifarious challenges.
OSIC is driven by several cross-functional working groups designed to address the biggest issues. These
include data privacy and architecture, regulatory framework, publication, research and ethics, biomarker
development, and a patient working group. All work is conducted under the premise that OSIC exists to
make “radical progress” on behalf of patients, by finding digital imaging biomarkers that inform diagnosis,
prognosis and response to therapy.

The OSIC operating model was built with incentives aimed at upending the closed ecosystem that
discouraged sharing data. Small start-ups are offered the same access to data as large pharmaceutical
companies. Thus, a small institution can offer 500 anonymised scans to the database in exchange for
access to 15 000 scans for their research project. Algorithms produced by OSIC will be made available to
all. The status of the OSIC Data Repository is summarised in figure 3 and updated regularly at:
www.osicild.org/dr-about.html

Perception that QCT has no impact on management decisions
One of the reasons quoted by radiologists and pulmonologists to explain the limited adoption of QCT is
that they are unclear how the results, i.e. the numbers, would impact clinical decisions. This reflects the
limitations of the available data. Knowing the percentage of the lung affected by honeycombing or airway
volumes in millilitres is unlikely to change physicians’ behaviour unless there is evidence that acting on
these numbers improves clinical outcomes. However, this does not mean that the numbers have no value.
Conventional visual assessments of CT scans by radiologists are generally characterised by qualitative
expressions such as “slight dilation of the airways” or “severe reticulation in the lower lobes”. These
qualitative descriptions often differ substantially between radiologists [70] and it is hard to say if features
are more or less “severe” in a follow-up scan. Thus, even in the absence of prognostic algorithms,
including numbers in the descriptions of CT scans can facilitate follow-up.

Clinical outcomes might be improved if physicians had tools indicating that clinical worsening, in terms of
symptoms or functional decline, is imminent. In such a case, the patient could be monitored more intensely
or treatment could be adjusted. There is an increasing volume of data to suggest that this may be possible.
In a study evaluating a texture-based QCT tool in patients with IPF, the extent of reticular opacity was an
independent predictor of decline in FVC [33]. A study using CALIPER showed that an extent of ILD
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>20% at baseline was predictive of prognosis in patients with IPF [45]. Among patients with unclassifiable
ILD, change in the extent of fibrosis measured using CALIPER was a stronger predictor of outcome than
any other baseline or longitudinal variable [18]. Change in the severity of traction bronchiectasis measured
using CALIPER predicted mortality in patients with IPF independent of FVC decline [71].

A more ambitious role of QCT would be to identify the optimal treatment pathway. To achieve this,
CT-based end-points need to be included in treatment trials to allow identification of potential responder
phenotypes. The United States Food and Drug Administration (FDA) has been supportive of this
initiative [72] and several drugs have been assessed using a form of QCT. For example, a phase IIIb trial
of nintedanib in patients with IPF showed a smaller increase in quantitative lung fibrosis score over
6 months in patients who received nintedanib than placebo [73]. A phase II trial in patients with IPF
showed a smaller increase in quantitative lung fibrosis score over 24 weeks in patients who received
pamrevlumab than placebo [74]. A phase II trial of an autotaxin inhibitor in patients with IPF showed
stabilisation in specific airway volume in the treatment group compared to deterioration in the placebo
group [75]. Scleroderma Lung Study I showed that in patients with ILD associated with systemic sclerosis,
treatment with cyclophosphamide was associated with a reduction in quantitative ILD score at 1 year
compared with placebo [76].

Perception that QCT/AI-based tools are a “black box”
The implementation of AI in radiology has been slowed by doubts regarding the quality and safety of the
applications and a lack of trust in the results they provide [77, 78]. These are in large part a consequence
of the limited “explainability” of the predictive models used by many ML algorithms, which are
fundamentally perceived as a “black box” [79]. In addition, there are concerns that the algorithms may be
biased due to confounders in the training data (“Clever Hans solutions”) [80] or the diversity of healthcare
across geographies [81]. These concerns need to be addressed to increase trust in this new technology

Overview of OSIC Cloud Data Repository, November 2023
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[82, 83]. There are several approaches to help understand the reason for individual prediction results or the
types of relationship in the training data captured by models [84]. In models deriving classification or
prediction from imaging data, backpropagation approaches such as GradCAM [85] or guided
backpropagation [86] mark the regions responsible for a particular prediction. Methods that enable the
calculation of uncertainty estimates exist within the ML framework [87–89]. Data visualisation techniques
and even semantics can also help enhance the interpretability of the results of ML models [79]. Also
important is evaluation of the comparative effectiveness of ML against other methodologies.

Over time, the role of ML in automating the assessment of imaging data will be complemented by its role in
improving understanding of the biology of disease and treatment response. Prediction models that integrate
patterns in imaging data and other variables may change our capability to steer individual treatment. The
integration of ML at earlier stages of drug development and in the study of biological mechanisms may have
a massive impact. Here, ML can contribute techniques for the generation of hypotheses based on large
realistic patient populations and their paths through disease and treatment. ML will also play a role in clinical
trials, both for linking multivariate patient profiles to the prediction of response and to exploit these
relationships to inform further studies and in vitro experiments. Here, interpretability will be a key
requirement to translate representations in models to tools for understanding mechanisms.

Regulatory hurdles
For a long time, it was unclear under which regulation CT post-processing software should be categorised,
but it is now clear that this type of software is subject to the medical device regulation. In practice, this
implies that companies need to obtain FDA 510k or de novo and ISO13485/CE clearance for US and EU
market authorisation, respectively. Other large markets such as Japan and Australia require their own
clearances, but once FDA and EU clearance have been obtained, the other approval processes are fairly
straightforward. Regulatory frameworks are highly geared towards physical devices. Although there are
efforts to update these frameworks, especially focusing on AI, it remains a challenge for companies to
reconcile regulatory requirements with efficient operations.

The FDA 510k clearance pathway requires a company to identify a so-called “predicate device”, i.e. an
already cleared device similar to the new device. If the company can demonstrate equivalence, additional
clinical evidence is not required. At present, most QCT packages that are cleared limit their context of use
to providing “raw data”, without providing advice or claims about diagnosis, prognosis or treatment
selection. Radiologists and/or clinicians are then able to use the data for clinical decision-making based on
their expertise. However, it is not always clear to radiologists and clinicians what the quantifications mean
clinically. This problem could be solved in part by education on the clinical utility of QCT parameters. If
the clinical interpretation of visual reads is known, understanding the utility of QCT parameters, such as
the quantification of lung nodules and textures like honeycombing and ground glass opacity, should be
straightforward. However, demonstrating the utility of QCT parameters in improving clinical outcomes will
require further prospective clinical trials, which are expensive. In addition, to generate a return on
investment, the improvement in clinical outcomes would need to be translated into adequate reimbursement
by governments and insurers for the QCT algorithms. While this process has been well established for
therapeutics, it is still in its infancy for software-based diagnostics and prognostics. An additional
challenge for the EU market is the Medical Device Regulation [90], which remains challenging even for
experienced regulatory professionals. While it will take a few years to establish best practice guidelines,
this provides an opportunity to align regulation with developments such as AI.

Conclusions
Identifying biomarkers that allow reliable prediction of disease course or response to therapy remains an
unmet need in the management of patients with fILDs. HRCT is a compelling target for biomarker research.
Driven by the shortcomings associated with visual assessment, over the past decade, there has been a surge
of interest in computer-based methods for quantification of fibrotic lung disease on HRCT. Research has
accelerated with the arrival of AI technology, which has the potential to identify clinically important imaging
biomarkers without human supervision, including those that are visually inaccessible. Computer-based image
analysis might be applied to disease monitoring, the prediction of disease behaviour and the characterisation
of ILAs. However, to optimise the implementation of this technology, several technical and societal
challenges need to be addressed. Large and diverse imaging repositories must be established to drive research
into ML. Such repositories require bespoke clinical governance frameworks to manage data sharing and
privacy concerns and quantify potential biases. Well-defined reference standards for diagnosis and disease
progression, against which computer algorithms can be trained, must be agreed. Intuitive methods for
enhancing the interpretability of algorithms are needed to alleviate the perception that AI-based tools are
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“black boxes”. Finally, “light-touch” regulatory pathways, which ensure proper validation of algorithms while
facilitating their implementation into clinical care, are needed.

Points for clinical practice

• QCT provides a more reliable assessment of patterns and extent of disease on HRCT than visual
assessment.

• QCT parameters predict disease progression and mortality in patients with fILDs.

• Application of QCT software requires that HRCT be performed using standard protocols.

• The provision of HRCT scans and clinical data collected in clinical practice to central repositories will
enable the development of algorithms that inform diagnosis and prognosis.

Questions for future research

• Which QCT parameters most reliably predict the progression of fILDs?

• Can QCT be used to predict response to treatment?

• How do features identified on QCT relate to the underlying pathophysiology of fILDs?

• Which QCT parameters should be used as end-points in clinical trials?

• Should QCT be used in the monitoring of patients with fILDs?

• How can ML and AI algorithms be made “understandable” to radiologists and clinicians?

• How should new technologies be regulated within clinical governance frameworks?
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