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Assessing clinician performance
using a multi-modality clinical
decision-support system for lung
cancer prognostication
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Surgery is the primary treatment for early-stage lung cancer. Adjuvant therapy is offered to patients
who are at a high risk of recurrence, however, determining the patients that would benefit from
additional therapy is often difficult. In this study, we aimed to develop a clinical decision support
system (CDSS) for post-surgery lung cancer prognostication integrating a multi-modality deep learning
model (DLM). Pre-operative medical images and clinical, surgical, and pathological information were
fed into an externally validated DLM. A CDSS was then developed to display the patient information
and DLM results for potential clinical use. Four oncologists evaluated each patient’s recurrence
probability, their confidence level, and their post-surgery recommendations both with and without the
DLM information. The CDSS DLM information demonstrated the potential to improve user prediction
performance and confidence. This exploratory study is the first to integrate a multi-modality DLM for
prognostication with a CDSS, as well as the first study of clinician attitudes towards CDSSs for lung
cancer.

Keywords Deep learning, Clinical decision-support system, Multi-modality, Lung cancer, Computed
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Lung cancer is the leading cause of cancer death in North America and worldwide!?. Treatment can include
surgery, chemotherapy, radiation therapy, and immunotherapy. Prognosis plays an important role in selecting
the treatment regimen®*. The tumor-node-metastasis (TNM) staging system is the current gold standard for
predicting prognosis in lung cancer, where patients in different stage cohorts experience different survival and
recurrence rates’. However, these rates can vary within the same stage cohort and this has led to the American
Joint Committee on Cancer (AJCC) TNM staging system being described as “too broad” when attempting
to make individualized predictions for treatment guidance®. Studies have demonstrated that clinical features,
such as age, gender and smoking status, can improve outcome stratification after treatment and allow for
more personalized treatment decisions’. This laid the foundation for studies to explore alternative sources of
information in an attempt to create more accurate and precise prognostic models.

Deep learning (DL) has been investigated for its ability to develop intricate associations between clinical
variables and outcomes®®. These methods have been shown to provide risk predictions for various clinical
endpoints to better inform treatment decisions and allow clinicians to understand the factors contributing to the
model. Additionally, medical images such as computed tomography (CT) and positron emission tomography
(PET) used during the clinical workflow, have been shown to hold prognostic information and augment clinical
variables!®!!. DL has also been shown to be able to identify important information in these medical images to
provide predictions that can augment clinical information'?!%. Therefore, there is a need to develop clinical tools
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incorporating imaging and clinical variables to aid clinicians in their decision-making and further improve
treatment outcomes.

The clinical implementation of prognostic models in oncology is facilitated by clinical decision-support
systems (CDSSs). CDSSs aim to strengthen clinical decision making by allowing the clinician to combine their
high-level knowledge with the information provided by the prognostic model'*. These systems allow for patient-
specific assessments enabling clinicians to migrate from population-based evidence to more personalized
approaches'®. Additionally, studies have shown that the incorporation of prognostic models into clinical
practice can enhance predictive confidence and improve communication with patients'®. Previous studies have
attempted to develop CDSSs for lung cancer care®*!7-20, However, many of these studies do not incorporate
imaging and none have attempted a multi-modality imaging approach with clinical data alongside multiple
imaging modalities. Additionally, surgery and pathologic information have been shown to be independently
prognostic of outcomes in resected lung cancer, and information such as the margin status and the presence
of lymphovascular invasion have yet to be incorporated into these CDSSs?!. CDSSs incorporating all of this
information may be able to better identify patients who require more aggressive adjuvant treatment options.

In this study, we describe a novel CDSS designed for outcome prognostication of resected non-small cell lung
cancer (NSCLC) patients. This system incorporates an externally validated deep learning model (DLM) using
patients’ pre-treatment'8F-fluoro-2-deoxy-D-glucose (FDG)-PET/CT image, clinical, surgical, and pathological
information to determine prognosis after surgery and subsequently stratify them into risk groups. Additionally,
we present an exploratory feasibility user-study evaluating clinician performance with and without the CDSS
DLM information, the usability of the system by clinicians, and clinician attitudes toward CDSSs. Through
this investigation, we aim to obtain an initial assessment of the CDSS’s predictive accuracy, user-friendliness,
and alignment with clinical decision-making. To our knowledge, this is the first CDSS incorporating a multi-
modality model for NSCLC prognostication as well as the first study of clinician attitudes towards CDSSs within
the Canadian clinical context. This study will inform future clinical trials and best practices of multi-modality
CDSSs for NSCLC prognostication.

Methods

Patient population

Institutional review ethics board approval was obtained, and patient informed consent was waived for this
retrospective study. All research conducted was performed in accordance with the Declaration of Helsinki.
The study included 10 NSCLC patients referred for upfront surgical resection between 2012 and 2018 at the
Verspeeten Family Cancer Centre. This cohort of patients was randomly selected from the testing dataset of a
previous study conducted for the development of the DLM?2. In summary, the patients included pathologically
confirmed stage I to III NSCLC according to the AJCC 7th and 8th edition and each patient received adjuvant
therapy based on institutional clinical guidelines.

Imaging and clinical information

The information collected for each patient included the preoperative FDG PET/CT scan, clinical (age, sex, and
smoking status), surgical (surgery type and margin status), and tumor characteristics (primary site, histology,
pathological AJCC TNM stage, lymphovascular invasion, and visceral pleural invasion). The outcome of interest
predicted by the DLM was recurrence-free survival (RFS) and was defined as the interval from surgery to
evidence of disease recurrence or death. Recurrence was diagnosed radiologically and/or pathologically, and
was defined as any local, regional, or distant disease after surgery.

Clinical decision-support system design

The CDSS was developed to integrate a multi-modality DLM, incorporating clinical, surgical, pathological, and
imaging information??. The CDSS could be navigated by the clinicians and provide them with the patient’s
prognosis using the validated DLM (Fig. 1). The CDSS was created using MATLAB R2022B (The MathWorks,
Natick, MA) for the development of the interface and Python 3.8.18 for integration of the validated DLM model.
The interface was modified to facilitate the user-study where it could collect the user’s risk predictions, decision
confidence, and treatment recommendations (Fig. 2).

The interface consists of four panels: (1) the imaging panels—used to navigate the patient’s registered FDG
PET/CT scan in the axial, sagittal, and coronal planes, (2) the patient information panel—used to display the
patient’s clinical, surgical, and pathological information, (3) the CDSS DLM information panel—used to display
information from the DLM on the recurrence, RFS, and overall survival (OS) of the patient, and (4) the patient
assessment panel—used to record the user’s prediction, confidence, recommendation, and the treatment failure
probability of the patient.

Clinical decision-support system characteristics

The CDSS first loads the PET and CT images, as well as the clinical information of the patient. The user can
view all slices of the images in the axial, sagittal and coronal planes, adjust the image fusion weight, and adjust
the window and level values for the CT image and the standardized uptake value (SUV) limits for the PET
image. The user can also hover the cursor over regions in the image to obtain the SUV value of the area. The
patient’s pathology report and PET/CT report are also available to view on the top panel of the interface. For
this study, the CDSS was designed with a button labelled “Show Model Risk” which loads the patient data into
the DLM and produces a prognosis score and risk category for each patient. The three available risk categories
were high, medium, and low. The developed CDSS takes approximately ten seconds per patient to initialize
and run the DLM. The color of the CDSS information panel then changes based on the result: red for high-
risk patients, orange for medium-risk patients and green for low-risk patients. Lastly, the user has access to
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Fig. 1. Diagram of the functionality and interactions of the clinical decision-support system (CDSS). The
system is composed of a validated multi-modality neural network which uses the patient’s clinical, surgical,
pathological, and imaging information to generate an output of recurrence-free survival (RFS) which is
presented to the end-user (e.g. the clinician).

the recurrence, RFS, and OS Kaplan-Meier curves for the patients in the specified risk group as determined by
external validation of the DLM (n=195)2.

User study

Participants

Four clinicians were recruited to participate in the study. This included two thoracic surgical oncologists (users
1 and 2) and two medical oncologists (users 3 and 4) specializing in the treatment of NSCLC. All users were
blinded to the clinical outcomes and each patient was anonymized and randomized for each user. All users were
staff clinicians but spanned a wide range of experience levels and backgrounds which was key in obtaining a wide
range of perspectives.

Decision-support system study protocol

All users were first given a brief orientation and introduction to the study design, the areas and functionalities of
the CDSS, the DLM, number of cases to be read, the expected duration, and the outcomes of interest. To mitigate
the assumption of a low clinical prevalence based on prior experience, users were informed that the 10-patient
cohort contained 20-30% recurrences and 40-50% deaths: an event rate between 50-60%2.

The users were then asked to utilize the CDSS on ten NSCLC patients. Following the navigation of the patient’s
information, the user was asked to score the treatment failure (defined as local, regional, or distant metastasis)
risk for all patients as high-risk, intermediate-risk, or low-risk. The user was also asked to give a personal risk
score for the patient between 0 and 100 indicating their assessment of the patient’s probability of treatment
failure. Additionally, the user selected their confidence level in their prediction on an ordinal scale which ranged
from none, somewhat, moderately, very, and completely. The user was then asked to indicate their post-surgery
recommendations from the following options: surveillance, adjuvant therapy (which could indicate adjuvant
chemotherapy or radiotherapy), and multi-disciplinary team (MDT) review. This process was completed for all
patients without the aid of the CDSS DLM information, then subsequently for all patients with the CDSS DLM
information in a new randomized order. After entering the data for each patient, the responses were locked, and
the next patient was automatically loaded into the system.
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Fig. 2. Clinical decision-support system (CDSS) interface utilized for the assessment of treatment failure risk
prediction, confidence level and post-surgical recommendation in the user study.

The area under the receiver operating curve (AUC) for predicting treatment failure was determined for
all users with and without the CDSS DLM information and was compared to the performance of the CDSS
DLM alone. The DeLong test was used to compare each user’s prognostic performance to chance as well as
the prediction before the use of the DLM to that with the DLM. Paired t-tests were conducted to compare the
changes in all users’ predictions, confidence levels, and recommendations before and after the use of the CDSS
DLM information. The inter-user agreement for the user’s prediction, confidence level, and recommendation
for each patient was assessed both with and without the CDSS DLM information using the Fleiss-Kappa metric
(k) where the value was between 0 and 1 as follows: k < 0 - no agreement, 0 < k < 0.2 - slight agreement, 0.2 <
K < 0.4 - fair agreement, 0.4 < k < 0.6 - moderate agreement, 0.6 < k < 0.8 — substantial agreement, and 0.8 < x
< 1 - almost perfect agreement?*?. Statistical analysis was conducted in MATLAB R2022B (The MathWorks,
Natick, MA)?®.

Qualitative study protocol

The four users were interviewed in a semi-structured format after completing the CDSS portion of the study.
The questions covered the following topics: their experience using the CDSS (usability, efficiency, deficiencies,
and added clinical value), attitudes towards CDSSs integrating prognostic models, barriers to CDSS clinical
implementation, therole of explainableartificial intelligence (AI) in supporting successful clinicalimplementation,
and the role of CDSS and prognostic models in patient communication'®. The structured questions can be found
in Online Appendix A. The interviews were conducted by J. R. C and were audio-recorded once consent from
the user was obtained.

Results

Patient population

A summary of the demographics of the patient population (n =10, mean age + standard deviation =68 years +9;
6 women) used in the study can be found in Table 1. The median RFS was 52 months, and the median follow-up
time was 52 months.

User-study results

Participants

The four staff clinician participants recruited for the study had a range of clinical experience, ranging from 4 to
30 years, with an average of 11 years. All clinicians had at least basic familiarity with Al models and the concept
of CDSSs for improving lung cancer care.

Comparison of CDSS to clinician performance
All users’ scores were found to be significant predictors of recurrence in the 10-patient cohort with the CDSS
DLM information when either predicting a patient’s risk score or risk group (Table 2). Each user’s stratification
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Clinical variable All patients (n=10)
Mean age [range] 66 [46-86]

Sex

Men 4 (40%)

Women 6 (60%)

Histology

Squamous cell carcinoma 1(10%)

Non-squamous cell carcinoma® | 9 (90%)

Smoking status

Former 2 (20%)
Current 8 (80%)
Pathological stage®

1 5(50%)
11 3 (30%)
111 2 (20%)
Post-op therapy

Yes 4 (40%)
No 6 (60%)
Surgery type

Sublobar resection 3(30%)
Lobectomy 7 (70%)
Primary site

RUL 5 (50%)
RLL 1 (10%)
LUL 3 (30%)
LLL 1(10%)

Margin status

Negative (>5 mm) 5 (50%)
Close (1-5 mm) 3(30%)
Positive (<1 mm) 2 (20%)
Lymphovascular invasion

Absent 9 (90%)
Present 1(10%)
Visceral pleural invasion

Absent 7 (70%)
Present 3 (30%)

Table 1. Clinical characteristics for the NSCLC patients analyzed in the study. Unless otherwise indicated,
data is presented as number of patients and data in parentheses are percentages. *Includes adenocarcinoma,
large cell carcinoma, or non-small cell cancer not otherwise specified. bBased on American Joint Committee on
Cancer (AJCC) 7th and 8th Editions.

Surgical oncologists Medical oncologists
User 1 User 2 User 3 User 4
CDSS?* No DLM DLM No DLM DLM No DLM DLM No DLM DLM

Risk group
AUCY (95% CI) | 0.83* (0.58,1) | 0.71 (0.39,1) 0.74 (0.45, 1) 0.59 (0.18, 1) 0.57 (0.24, 0.90)
Delta AUC - +0.08 0.79** (0.59, 0.98) | +0.02 0.76 (0.50, 1) +0.10 0.69 (0.32,1) +0.43 1.00%* (1, 1)
Delta p-value | - 0.48 0.84 0.77 0.01
Risk score
AUCP (95% CI) | 0.83* (0.53, 1) | 0.81* (0.51, 1) 0.81%(0.52, 1) 0.74 (0.36, 1) 0.62(0.24, 1)
Delta AUC - -0.19 0.62 (0.25, 0.99) +0.14 0.95%*(0.84,1) | +0.16 0.90** (0.68,1) | +0.24 0.86** (0.60, 1)
Delta p-value | - 0.27 0.35 0.44 0.10

Table 2. Clinical decision-support system deep learning model (DLM) compared to user assessment of post-
surgical treatment failure with and without DLM information. *Result is that of the DLM alone with no input
from user. "DeLong Test: *p <0.05, **p <0.01. “Paired DeLong Test.
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performance improved after using the CDSS DLM information, however, only one of these improvements was
shown to be statistically significant. This overall improvement was demonstrated numerically by the positive
delta-AUCs observed when comparing the risk group (high, intermediate, low) AUCs achieved by each user with
and without the DLM information as seen in Table 2. Additionally, most users saw a numerical, non-significant
improvement in their ability to attribute a treatment failure probability, or risk score, corresponding to the true
event of the patient. Medical oncologists saw a greater improvement in stratification performance after using the
CDSS DLM information, however, this trend did not demonstrate significance (p=0.07). The DLM integrated
into the CDSS, without user input, was found to be a significant predictor of recurrence in the 10-patient cohort
achieving an AUC of 0.83 [95% CI 0.53-1, p=0.03]. Compared to the users without the CDSS, the DLM was
able to better stratify patients into treatment failure risk groups. However, three out of the four users were able
to achieve a higher AUC than the DLM alone when using the DLM information for the risk score prediction.

Impact of clinical decision-support system on user predictions, confidence and recommendations

The predictions of treatment failure risk for the 10 patients without the CDSS DLM information were relatively
aligned between the clinicians (Fig. 3). There was a moderate level of agreement among the four users, with a k
value of 0.42 [95% CI0.37-0.47, p <0.001]. Although performance improved for most users after using the CDSS
information, the agreement between the users decreased. With the CDSS DLM information provided to the user,
there was only a slight agreement among the four users, with a k 0of0.18 [95% CI 0.12-0.23, p=0.08]. Intermediate
and high-risk groups predictions were higher on average after using the DLM information, however, this trend
did not demonstrate significance (p=0.23).

An example of the change in the clinician predictions due to the use of the CDSS DLM information is seen
with the stage IB patient. Without the CDSS DLM information, one user identified the patient as low risk
while three users identified them as intermediate risk. With the CDSS information, three users now identified
the patient as high-risk while one identified them as intermediate risk. This patient did not present with any
conventional high-risk features after surgery and did in fact recur.

The confidence level of each clinician’s prediction both with and without the CDSS DLM information varied
widely, as shown in Fig. 4. The confidence level of the users increased on average numerically with the use of the
CDSS DLM information, demonstrated by the increase in proportion of the “very” selection and the decrease
in the proportion of the “moderate” selection. However, this trend did not demonstrate statistical significance
(p=0.22). Additionally, without the CDSS DLM information, there was a slight agreement among the four users,
with a k value of 0.15 [95% CI 0.10-0.20, p=0.14]. This agreement decreased with the use of the CDSS DLM
information, with a x value of 0.12 [95% CI 0.06-0.17, p=0.24].

The post-surgical recommendations for the 10 patients without the CDSS DLM information were relatively
aligned between the clinicians as shown in Fig. 5 and there was a moderate level of agreement among the four
users, with a k value of 0.57 [95% CI 0.52-0.62, p <0.001]. However, after using the CDSS DLM information,
the agreement between the users decreased but still demonstrated a significant agreement. With the CDSS DLM
information provided, there was a fair level of agreement among the four users, with a « of 0.33 [95% CI 0.27-
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Fig. 3. Average and standard deviation of clinician assessments for post-surgical treatment failure risk with
and without the clinical decision-support system deep learning model (DLM) information.
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Fig. 4. Average and standard deviation of clinician confidence levels for treatment failure risk prediction with
and without the clinical decision-support system deep learning model (DLM) information.
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Fig. 5. Average and standard deviation of clinician post-surgical recommendations with and without the
clinical decision-support system deep learning model (DLM) information.

0.38, p<0.01]. The impact of the CDSS DLM information on the recommendations agreement within each
specialty was different. The surgical oncologists saw a decrease in their agreement of recommendations when
using the CDSS DLM information (without DLM: k=0.48 [95% CI 0.35-0.61, p=0.05, moderate agreement];
with DLM: k = -0.03 [95% CI -0.15-0.10, p=0.91, poor agreement]). Conversely, the medical oncologist saw a
significant increase in their agreement of recommendations when using the CDSS DLM information (without
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DLM: k=0.49 [95% CI 0.37-0.61, p =0.04, moderate agreement]; with DLM: k=0.73 [95% CI 0.57-0.90, p=0.02,
substantial agreement]). It is important to note that these results were found with a n=2 for each sub-specialty.

On average, numerically, the users were more likely to recommend adjuvant therapy to patients after using
the CDSS DLM information. However, this trend did not demonstrate statistical significance (p=0.25). The
medical oncologists on average increased their proportion of adjuvant treatment recommendations when using
the DLM information from 55% of the patients to 75% of the patients, respectively. For the surgical oncologists,
the average proportion of each recommendation stayed relatively consistent, however, they were more likely to
swap patients from one group to another. This is represented by their decrease in agreement. Additionally, on
average, there was no significant difference in the patients referred for MDT review, however, some patients were
referred for individual users.

Qualitative study results

User attitudes towards developed CDSS interface

All users had an extremely positive experience using the CDSS interface, with an average rating of eight out
of ten when describing the user-friendliness of the system. Common themes that contributed to the positive
experience were the presence of the pathology and imaging reports, the ability to investigate the SUV of the PET
imaging on a voxel-by-voxel basis, the color presentation of the interface, and the time efficiency. The average
rating among clinicians of the CDSS with regards to time efficiency was nine out of ten. However, users 2 and 4
highlighted a concern of the added time that would be incurred when implementing a system like this clinically
due to the interaction with a clinic’s picture archiving and communication system (PACS). The acceptable time
a CDSS should take varied among clinicians from two to five minutes.

In terms of added clinical value, all users indicated that the CDSS interface and information provided a
clinical benefit with making their decision. User 1 stated that when the CDSS DLM information indicated a
patient was at a high risk of experiencing an event, contrary to their initial belief, it made them more likely
to recommend the patient to be discussed by the multidisciplinary team. Those patients may not have been
previously seen or recommended to receive adjuvant therapy. However, that clinician was less likely to believe the
CDSS DLM information if it predicted a patient as having a low risk, contrary to their prediction. Additionally,
user 4 identified that the CDSS information was a useful tool when other sources of information cannot be relied
on as heavily, for example a lack of genetic markers or poor imaging quality.

The importance of external validation of prognostic models and large prospective clinical trials was
emphasized by all clinicians. Multiple users (users 2 and 4) stated that it may even be beneficial to provide
the validation results alongside the model for clinician inspection. Additionally, most users highlighted the
importance of the patient’s age and performance status in recommending treatment. All users were interested
in how age was incorporated into the DLM and stated that performance status metrics would be important to
include in future systems. Lastly, the majority of users highlighted the difficulty in interpreting the prognostic
score provided by the CDSS. Users stated that if implemented clinically, an improvement to the system would be
the elimination of the prognosis score and only showing the predicted risk group or only showing the recurrence
rates. However, two out of four clinicians (users 2 and 4) used the recurrence, RFS, and OS information when
making their decisions, highlighting the importance of clinical endpoints other than recurrence.

User attitudes towards prognostic models

All users stated that they believe prognostic models and CDSSs can add value in improving the treatment of
lung cancer care but highlighted the lack of rigorous validation and prospective clinical trials as a barrier to the
clinical implementation and adoption of these systems. User 4 indicated that they believe these models have
a particularly important role in the adjuvant setting. However, their concern was not only limited to lack of
external validation but also lack of validation on local data. They stated that differences in acquisition protocols,
image quality, and data quality may affect these models, and local validation is crucial before implementation in
local treatment management.

In terms of trust in prognostic models, all users trusted or wanted to trust prognostic models. Although
the experience with DLMs varied between the users, all users were willing to implement and use these models
clinically if adequately validated. Additionally, all users showed hesitation when asked if explainable AI would
improve their trust and understanding of prognostic models. Most users highlighted that explainable AI images
would need further validation and could confuse the user rather than augment the clinical value of the model.

Users 2, 3, and 4 were strong advocates of using prognostic models for patient communication. They
highlighted that patients may feel more comfortable seeing more personalized prognostication and it may
summarize that vast amount of information they are exposed to into one digestible number. User 1 emphasized
that patients may become overwhelmed when presented with these DLMs which may lead to more questions
than answers.

Discussion

The development of prognostic models for improving lung cancer treatment outcomes has been widely
studied!®!2. More specifically, they have been shown to improve resected NSCLC patient outcome stratification,
potentially identifying patients that would benefit from adjuvant therapies. While these models promise to
augment clinical decision-making, few studies have explored how best these models should be integrated into the
clinical workflow or assessed clinical utility to maximize their clinical value. In this study, we developed a user-
friendly and time efficient CDSS interface integrating a validated DLM for resected NSCLC prognostication.
We observed a numerical improvement in clinician performance when using the CDSS for post-resection
recurrence risk stratification, although this change did not reach statistical significance. Additionally, the CDSS
interface received overwhelmingly positive reviews for its user-friendliness, time efficiency, and presentation. To
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our knowledge, this is the first study investigating the impact of a DLM for resected NSCLC prognostication on
clinician performance, as well as the first study to investigate how a multi-modality CDSS can affect clinician
decision-making and prediction confidence across multiple specialties.

The results from this study suggest that a validated DLM, once packaged with the right information, has
the potential to provide clinical utility in a risk-stratification setting. There was a modest, non-significant
improvement in stratification performance by all clinicians, where three out of the four users achieved an
improved prediction result when using the CDSS DLM information compared to the CDSS on its own. However,
while a directional improvement in performance was demonstrated, the agreement between the users decreased
with the use of the CDSS DLM information. This was also the case for the confidence level and post-surgical
recommendations. This may represent the differing degrees of adoption by each user and may cause more cases
to undergo MDT review, which may be the best use of these CDSSs in the short to medium term. Conventionally
low-risk patients who would not have been previously referred for adjuvant treatment or MDT review may
now have a better opportunity to receive additional discussion and possible treatment, whether proven or
experimental. However, given a tool like this may influence clinician behavior, caution must be taken to avoid
the risk of overtreatment. While the quantitative results of this study were promising, due to the limited number
of users and patients in the study, these results are prone to random variation and overfitting and thus need to
be validated in future studies. However, these results may indicate a pathway to developing a system which can
impact clinician decisions.

Qualitatively, the positive experience from all the users showed that while model performance is important,
the presentation of the information to the clinician is equally so. Poor clinical integration can impact the
adoption of these systems by clinicians and derail the best performing models. The key takeaway from the users
was the importance of having all the patient information integral in decision-making available in one interface.
Users enjoyed the ability to navigate the imaging, pathology, and clinical information while utilizing the CDSS.
This demonstrates that future CDSSs should aim to provide not only the information used by the model, but
all information relevant to the patient in one system. This will allow for an easier integration of DLMs into the
clinical workflow.

There has been previous work in the development of user-interfaces for models in lung cancer prognostication.
Lei et al. and She et al. both developed interfaces integrating DeepSurv models for NSCLC survival prediction
using only clinical information®®. These systems require the user to input variables into the interface and did
not include imaging or pathology information. Other CDSS studies involve the validation of the underlying
model, but do not attempt to integrate the model into clinical practice with a frontend interface!”!. To our
knowledge, no studies have attempted to develop a CDSS integrating imaging, pathological, surgical, and clinical
information. Additionally, previous studies have aimed to assess clinicians’ attitudes towards CDSSs qualitatively.
However, this work builds on those studies by having users interact with a validated CDSS DLM, evaluating the
perspectives of medical and surgical oncologists, and obtaining the perspective from a Canadian lens!>?7%%,

Many of the users highlighted the ever-changing landscape of lung cancer care. Due to this and the
retrospective nature of the study, a transition to neoadjuvant/perioperative chemoimmunotherapy, or the
addition of adjuvant immunotherapy after chemotherapy, and genomic alterations (i.e. EGFR and ALK) which
are now integral in decision-making were not included in the study?. Future work should incorporate these
markers into models and interfaces for clinician access. Another limitation of this study is the limited number
of users involved. A larger number of users would allow for a better characterization of the CDSS’s impact
on decision-making and allow for more substantial conclusions about clinician attitudes towards the CDSS’s
integration into the clinic to be made. Additionally, users from other specialties such as radiation oncology
would provide another perspective of the utility of the CDSS. The ten-patient cohort assessed in this study is
another limitation. A larger cohort of patients analyzed would allow the users to experience the CDSS under a
wider range of clinical scenarios and give a better indication of the CDSS’s added value. Additionally, the patients
in the study may not have been representative of the clinical outcomes seen clinically; the death rate of patients
without a recurrence was higher than normally seen for NSCLC patients (4/10). This representation is difficult
to achieve with a limited sample of patients and can affect the generalizability of the findings in this study. Future
studies should look to compile a cohort of patients with similar outcome demographics seen clinically. Lastly,
the development of the CDSS in MATLAB meant there was no system integration with the clinical PACS. Future
iterations of the CDSS interface must be integrated into the hospital’s system to optimize the exchange of patient
data and recommendations. This may facilitate the integration of more detailed clinical data into the CDSS
interface such positive nodal locations and margin distance information.

Conclusions

In summary, this exploratory study demonstrated the potential of CDSSs implementing multi-modality DLMs
for resected NSCLC treatment decisions when designed with a clinician-friendly and time efficient interface.
The developed CDSS showed non-significant, numerical improvements in clinician prognostic performance
and prediction confidence, although the study was limited by the sample size. Clinicians demonstrated a
willingness to adopt the validated model predictions and provided valuable feedback that will improve CDSS
implementation for future multi-modality models.

Data availability
The dataset analysed during the current study is not publicly available but is available from the corresponding
author on reasonable request.
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Code availability

The code to the CDSS interface is available at https://github.com/baines-imaging-mattonen-lab/Multi-Modali
ty-NSCLC-Outcome-Prediction-GUI as a git repository. This code needs to be integrated with a deep learning
model using Python, medical images, and clinical information from a patient database.
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