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Abstract

Artificial intelligence (AI) holds great promise for supporting clinical trials, from patient recruitment and endpoint
assessment to treatment response prediction. However, deploying Al without safeguards poses significant risks, particularly
when evaluating patient endpoints that directly impact trial conclusions. We compared two Al frameworks against human-
only assessment for medical image-based disease evaluation, measuring cost, accuracy, robustness, and generalization
ability. To stress-test these frameworks, we injected bad models—ranging from random guesses to naive predictions—to
ensure that observed treatment effects remain valid even under severe model degradation. We evaluated the frameworks
using two randomized controlled trials with endpoints derived from spinal X-ray images. Our findings indicate that using
AT as a supporting reader (AI-SR) is the most suitable approach for clinical trials, as it meets all criteria across various
model types, even with bad models. This method consistently provides reliable disease estimation, preserves clinical trial
treatment effect estimates and conclusions, and retains these advantages when applied to different populations.
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1. INTRODUCTION To bring Al to clinical trials, researchers can either try to
improve model performance to match human performance
and place all risk on AI model alone, or mitigate Al risks
in clinical trials, accepting the model may perform worse
than human readers. Recent regulatory guidance has simi-
larly emphasized that AI use in drug development should be
evaluated according to its context of use, risk, robustness,
human oversight, and impact on regulatory decision-making
[18, 19, 5]. In this study we will focus on the latter, under-
standing how a trained model (as high performance as possi-
ble) will perform if used for clinical trials. We also explored
the cases where the AI model is dangerous (e.g. random
prediction) in order to stress test the limit of our framework
and ensure strong safeguards. Inspired by the study from Ng
et al. [13] which looked at using Al to classify cancer images
(human vs Al-independent vs. Al-supported), we modified
the concept to be applied in immunology to classify spinal
X-ray images. We further extended their original scope by
quantifying the treatment effect (key endpoint in clinical
trial). In summary, in this study we aim to quantify several
key aspects of using Al in clinical trials, namely:

Today, Al has become an integrated part of our life, from
large language models (LLMs) [17, 7], car navigation, to ac-
curate weather forecasting. To become an integrated part of
our life, those models have shown exceptional performance
(i.e., models’ ability to successfully complete a task), and
the risk of any failure is greatly outweighed by the value
they bring. However, in comparison, Al has had little im-
pact on healthcare and drug development despite multiple
areas where it can help. First, Al has been suggested for
data analysis of vast amounts of data generated by clini-
cal trials [6]. It can help researchers identify potential drug
candidates, predict patient responses, and optimize trial de-
signs. This can lead to personalized medicine, leading to
more effective and targeted therapies. Secondly, Al has the
potential to enhance the recruitment of suitable patients
[8], one of the biggest challenges in clinical trials. Al can
help identify and recruit eligible patients more efficiently
[23] by analyzing electronic health records, omics informa-
tion, and other relevant non-traditional data sources. And
finally, disease assessment [22] using AI to evaluate disease
progression (e.g., grading medical images) can greatly re- 1
duce clinical trial costs and time, as well as reducing error 9
(reader variability, human entry error).

. Efficiency: Can Al reduce clinical trial time and cost?
. Robustness: Is using a moderately performing Al
detrimental to the disease evaluation? To what extent
) is the model’s performance acceptable for safe use?
*Corresponding author. . . . .
1Novartis Pharmaceuticals Corp., East Hanover, NJ. 3. Generalization: Can this framework be applied to
2Novartis Pharma AG, Basel, Switzerland. more than one study?
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Figure 1: mSASSS definition [16, 20] and distribution in the
dataset. mSASSS scoring criteria (0-3) based on structural
changes at vertebral corners, alongside their frequency in
the dataset. Most corners are normal (score 0, 81%), while
erosion/sclerosis/squaring (score 1), syndesmophytes (score
2), and bridging (score 3) are less common (3%, 5%, and
11%, respectively).

4. Accuracy: Does use of Al lead to the same clinical
finding at the clinical trial level (e.g. similar treatment
effect estimation, same study conclusion)?

2. METHODS
2.1 Data

In this work, we used X-ray data from two phase III clin-
ical studies, MEASURE I and PREVENT to test the ef-
fectiveness and generalization of the frameworks. Our Al
grading model described later in Section 2.3 was trained on
MEASURE I, predictions from the validation sets of MEA-
SURE I and PREVENT, which guarantee the independence
with the model were used for the test of the framework.

MEASURE I [1] is a completed and anonymized phase
IIT trial for secukinumab (a fully human anti-IL-17A mon-
oclonal antibody) in patients with axSpA (axial spondy-
loarthritis). MEASURE I included 361 patients randomized
to the treatment and control groups in a 2:1 ratio. Patients
on the control arm started with placebo and then switched
to active treatment after 16 or 24 weeks, depending on their
responder status. Two (or three X-ray) sessions were sched-
uled for each patient at baseline, 2 years (Week 104) and 4
years (Week 208). Lateral cervical and lumbar X-rays were
taken during those sessions. The modified Stoke Ankylosing
Spondylitis Spinal Scores (mSASSS) [20] in Figure 1 were
evaluated by at least two radiologists, and exploratory end-
points were established to assess the worsening of mSASSS
from baseline.

In this study, the mSASSS worsening after two years (be-
tween baseline and week 108 X-rays) was defined as an ex-
ploratory endpoint to determine the treatment effect be-
tween the treatment and placebo groups. Two reading ses-
sions were conducted by two radiologists. During each ses-
sion, the mSASSS assessment was conducted at each ver-
tebral corner. The total score was calculated by summing

the mSASSS values across 24 corners. Two reading sessions
were conducted that aligned with the collection of the Week
104 and Week 208 images. During each reading session, the
mSASSS was evaluated by two radiologists, each indepen-
dently scoring the vertebral corners for structural changes.
The total score was calculated by summing the mSASSS
values across the 24 locations. To assess for inter-rater vari-
ability, the top 5% most discrepant total score cases between
the two readers were submitted for adjudication. The dis-
tribution of mSASSS in each vertebral corner is shown in
Figure 1, indicating a noticeable imbalance in healthy ver-
tebrae versus those with structural changes due to disease
progression. Similarly to MEASURE I, PREVENT [4] is
another trial of secukinumab in axSpA but with a different
patient population, that of non-radiographic axSpA. PRE-
VENT collected the same spinal X-rays and shared the same
reading schemes as MEASURE I. However, PREVENT is
very different from MEASURE I in terms of patient pop-
ulation. The population in PREVENT is much less severe.
In fact, more than 90% of the patients have zero mSASSS
in PREVENT, which makes it a perfect trial to test the
generalization ability of the candidate frameworks.

2.2 Framework

Our framework (Figure 2) adapted the Ng et al. [13]
framework to grade spinal images. For each patient, two
(or more) images were graded and a composite score was
computed (mSASSS) using all vertebral corners. To mimic
the human process as closely as possible, we only compared
total spine mSASSS as opposed to individual vertebra lev-
els. As with human graders, this approach focuses on the
consistency of the total score rather than mSASSS at each
individual vertebral corner. In such a setting, the Human
Double reader in Figure 2 is the current clinical application,
while the two others (Al-independent and Al-supported) are
the experimental methods we are scoping in this work. The
AT model utilized in this test is detailed in Section 2.3. If
the AT model fails to predict the mSASSS, this missingness
will automatically trigger a disagreement, necessitating the
involvement of at least two human readers. Additionally,
we explored the use of unreliable AI models within these
frameworks to evaluate the robustness of the outcomes in
the following sections.

2.3 Model

A classification pipeline that incorporates vertebral unit
segmentation [2] followed by mSASSS classification [12] was
developed as our Al reader (Figure 3). An ensemble model
of nn-UNet [15, 11] and mask-RCNN [10], VertXNet [2], was
used for vertebrae segmentation and labeling. All vertebral
units were extracted on the basis of the segmentation results.
Each vertebral unit would then be passed to a hierarchical
grading system that consists of two ResNet 152 [9] for the
prediction of mSASSS.
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Figure 2: Introducing the framework implementation for the experiment, where we compare the gold standard, human
double reader (HDR) to two AI approaches, namely Al as independent (IR) or supporting reader (SR) to evaluate spinal
disease status (modified Stoke Ankylosing Spondylitis Spinal Scores - mSASSS) from X-ray images. At the end of each
framework, the scores from each reader are pooled to obtain the consensus mSASSS. One key difference between the two
AT frameworks, is that AI-IR includes the Al score for the consensus mSASSS, while AI-SR does not.
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Figure 3: End to end pipeline to extract vertebral units (VUs) and mSASSS classification.

VertXNet has successfully extracted vertebral units with
labels from 282 patients in MEASURE 1 and mSASSS were
predicted by the auto-grading pipeline in Figure 3. mSASSS
that could not be predicted from the pipeline were treated
as missing as discussed in Section 2.2. All mSASSS were
predicted by models that were not trained with its origi-
nal score. The grading model has achieved moderate per-
formance of 65% balanced accuracy which is the average of
recall obtained on each class.

3. RESULTS

In this section, we compare the three frameworks men-
tioned in Figure 2 from various perspectives, including cost,
robustness, and study results. Our AI model, described in

Section 2.3, serves as the basis for this comparison. To eval-
uate the robustness of these frameworks under less effective
models, we also tested them using random and naive models.
The random model predicts individual mSASSS scores from
0 to 3 with equal probability, while the naive model assigns
a score of 0 to all mSASSS scores. These models simulate
scenarios where a reasonable AI model is unavailable, allow-
ing us to assess whether the frameworks can still produce
robust results despite the bias introduced by the AI model.

3.1 Cost

In this section, we evaluated and compared the cost of us-
ing different frameworks that mentioned in Figure 2. When
relying solely on human readers, the results indicate that a
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Table 1. Percentage of patients requiring a second human
reader and arbitration grading for the trained models.

Method  Second human (%)

Arbitration (%)

HDR 100 48.92
AI-IR 0.0 59.83
AI-SR 59.83 39.17

Second human (%) Arbitrations (%)

model
N naive
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Figure 4: Cost difference between HDR, AI-IR and AI-SR
when using extreme cases in prediction (naive and random
model vs trained).

second human reader and arbitration are required in 100%
and 48.92% of cases, respectively, as shown in Table 1. For
the AI model, it was 0.0% and 59.83% when Al is used as
independent reader, and 59.83% and 39.17% when used as
supportive reader. When comparing cost across the frame-
works with the trained models from Section 2.3, both Al
approaches (AI-IR, AI-SR) are more efficient than human
alone (HDR) as they require fewer patient datasets to be
read by a human reader.

When stress testing our framework using a random model
(each vertebral corner score is a random value between 0
and 3, uniformly distributed), we observed that AI-SR is
matching the same cost as human alone — which is expected
as safe-fail from the framework.

In practice, arbitration can be more costly than initial
readings because it often requires the involvement of an
additional reader, increased experience levels or the initial
readers to repeat their assessments. We investigated the sce-
narios that arbitration costs are significantly higher than
those of a second human reader, with costs ranging from
one to five times higher. Our findings revealed that both
AT methods consistently outperformed human readers. No-
tably, when the arbitration cost reached three times that of
the second human reader, AI-SR surpassed AI-IR and con-
tinued to maintain its superiority as the cost ratio increased.

Additional cost of first reader v.s. arbitration cost ratio
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Figure 5: Impact of relative cost of arbitration w.r.t. the first
human reader.
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Figure 6: Mean mSASSS per patient accross all frameworks
and models.

3.2 Model Robustness

The first and foremost quality of the framework is to be
robust, which means that using AI should not change the
disease evaluation. In this section, we compared the esti-
mated mean mSASSS, across different models and methods
in Figure 6. For the trained model, all methods yielded sim-
ilar estimates (10.01, 10.09 & 9.81) for the disease burden.
But we found that AI-IR wasn’t robust for extreme cases
(i.e. random model), yielding 18.90, almost double the true
estimate. This is because the mSASSS consensus also uses
the AI score, leading to a bias in the estimated value. For
example, if you use a random model predicting either 0 or
1, the average value per sample is 0.5. Here for mSASSS,
the average value is 1.5, because we randomly sample be-
tween 0 and 3 for each VU. On the other hand, when using
a naive model (predicting only the majority class, for exam-
ple here 0), the framework was much closer to the human,
mostly due to the fact that the dataset predominantly in-
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Table 2. Trial results for MEASURE |. Human double reader has demonstrated very close reproduction of the trial results;
Independent reader has over-estimation bias in both arms and time steps; Supportive reader has very close to the trial results
on all estimation consider the large standard deviation.

Method Arm Baseline Week 104 Worsening
TRIAL Treatment  10.79(17.48)  10.98(17.49)  0.54(4.73)
Control  9.49(16.26)  11.87(18.20)  0.91(4.45)
Treatment  10.85(18.09) 11.04(17.39)  0.56(3.08)
Human double reader (HDR) ", 01" g 37016.24)  12.19(18.61)  0.83(3.62)
Treatment 11.15(17.84) 11.26(17.38)  0.49(2.95)
Independent reader (IR) Control  9.64(16.14)  12.36(18.47)  0.77(3.68)
. Treatment  10.75(18.13)  10.99(17.40)  0.51(3.11)
Supportive reader (SR) Control  9.36(16.25) 12.11(18.64)  0.78(3.63)
cludes patients with mSASSS vertebral corners of zero (ap- % Worsening dessibution;on Usaimen’ aom
proximately 80%). Ry
35 4 = R 0.06
3.3 Treatment Effect 3} = o
r0.05
In addition to the cost of the mSASSS reading and ro- 25
bustness of the frameworks, it is essential to verify that the 004
conclusions drawn using these frameworks would align with g 20 g
those of human readers. Our simulation facilitated the com- . 0:.08
parison of results across real studies and different frame- a
works. In this section, we analyzed the clinical trial out- 104 02
come, including summary statistics, endpoint distribution, | oor
and progression curves, across different frameworks, and > '
compared them with the original trial results between treat- o . _Aml] : S s
-40 -30 -20 -10 0 10 20 30 40

ment and placebo arms.

The table of summary statistics and the conclusion of the
hypothesis test on the endpoint are among the most crucial
results of a trial. In our studies, worsening of mSASSS from
baseline to 2 years was used as the endpoint to estimate the
treatment effect. From Table 2, it is evident that the con-
clusions on worsening are consistent across study outcomes
and different frameworks. Although the control arm shows
slightly worse worsening than the treatment arm, the dif-
ference is not statistically significant due to the large stan-
dard error. For other summary statistics, both HDR and
AI-SR have demonstrated similar estimation with the trial
results. However, AI-IR exhibits an overestimation bias at
both baseline and week 104 mSASSS.

We examined the distribution of mSASSS scores and the
probability of progression in Figure 7 and Figure 8. The
overall distribution of mSASSS indicates that all frame-
works are generating similar structural progression results
as the trial results. Figure 8 depicts the proportion of pa-
tients experiencing worsening below the levels indicated on
the y-axis. From this figure, we can derive critical estimates,
such as the percentage of patients with mSASSS progres-
sion, where the overlapping curves confirm alignment of the
conclusions across all frameworks.

All frameworks can produce the same statistical conclu-
sions as the trial results regarding the hypothesis test. When

worsening

Figure 7: mSASSS worsening distribution in MEASURE 1.
mSASSS worsening distribution is plotted side by side for
each bar; similar distributions of worsening were observed
across all frameworks.

AT acts as an independent reader, it has shown a system-
atic bias in its estimates on both arms. However, when Al
serves as a supportive reader, it aligns quite well with the
trial outcomes.

3.4 Generalization

In reality, we seldom run two identical X-ray studies on
design, disease area, doses or population. Even in the case
of identical design and inclusion/exclusion criteria, the en-
rolled patient populations of the completed studies will be
slightly different. To evaluate the potential benefits and ro-
bustness of Al-assisted frameworks in a new trial, we uti-
lized the PREVENT trial. Given the differences of the pa-
tient population compared to MEASURE I and the more
pronounced imbalance in patients’ mSASSS readings, the
AT grading model trained on MEASURE I would perform
poorly on the PREVENT trial if used alone. However,
our investigation revealed that all frameworks consistently
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Table 3. Trial and model results for PREVENT. AI-IR performs poorly in the PREVENT population, leading to less accurate
estimations. However, when used as a supportive reader, the Al provides estimations that are closely aligned with the trial
results, despite the large standard deviation.

Method Arm Baseline ~ Week 104  Worsening

TRIAL Treatment 0.74(2.49) 0.72(2.49)  0.03(0.48)

Control ~ 0.84(2.43) 0.88(2.60)  0.03(0.63)

Treatment  0.78(2.64) 0.76(2.65)  0.03(0.53)

Human double reader (HDR) " 01" 84(2.49)  0.97(2.86)  0.09(0.46)
Treatment 1.18(2.64) 1.26(2.75)  0.09(1.51)

Independent reader (AI-IR) " 0017 1 31(268)  1.29(3.00)  —0.10(1.41)
. Treatment 0.73(2.59) 0.66(2.47)  0.01(0.72)
Supportive reader (AI-SR) Control ~ 0.77(2.48) 0.88(2.85)  0.07(0.48)
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Figure 8: Empirical distribution of progression in MEA-
SURE I. This figure shows the percentage of patients with
worsening or improvement by a different extent displayed
on the y-axis. All frameworks overlapping with each other
pretty well.

reached the same conclusion as the trial results: there is no
significant difference in worsening between the two arms.
However, under close evaluation of the estimation and fig-
ures, AI-IR fails to generate convincing outcomes in this
case. We displayed the same Table 3 and Figure 9 / 10 on
the PREVENT trial as follows.

The table and figures demonstrate the generalization abil-
ity of the framework where Al is used as a supportive reader
(AI-SR) for other populations in the same domain. In con-
trast, AI-IR did not generalize well to the new trial, showing
an overestimation bias in the table and a differing progres-
sion probability curve in Figure 10. On the other hand, Al-
SR closely aligned with all perspectives of the HDR and
the trial results. This provides evidence that the Al-assisted
grading framework, particularly AI-SR, is valid and reliable
in a new trial, even with a different population.
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Figure 9: mSASSS worsening distribution in PREVENT.
mSASSS worsening distribution is plotted side by side for
each bar; similar distributions of worsening were observed
across all frameworks.

4. DISCUSSION

In this study, we investigated the potential application
of AT in clinical trials. We characterized that an effective
AT framework should meet three key criteria: accuracy, effi-
ciency, and robustness. First, the Al framework should pro-
duce the same trial results as those obtained by human-only
graders. Second, the AI framework should save time and
money compared to a human-only grading system. Lastly,
the Al framework should deliver consistent evaluations even
when its model performance is suboptimal. To test these cri-
teria, we experimented with three different methods under
varying model performances: trained, random, and naive.
This approach allowed us to stress test the limits of each
method within the framework.

Our research found that the AT as supportive reader (AI-
SR) approach is the most suitable for clinical trials, as it
meets all criteria across all model types. This framework
excels in accuracy because it places Al under human super-
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Figure 10: Empirical distribution of progression in PRE-
VENT. This figure shows the percentage of patients with
worsening or improvement by a different extent displayed
on the y-axis. All frameworks overlapping with each other
pretty well except AI-IR.

Table 4. Overall evaluation of all methods. Al as supporting
reader (Al-SR) has proven to be the most robust, efficient
and accurate method with all models. v/ indicates success, X
indicates failure, X indicates a partial success.

Framework HDR AI-IR AI-SR
Cost X
Robustness X
Generalization X
Accuracy W

vision, ensuring safety and efficiency by reducing the num-
ber of human readers needed. It also provides accurate es-
timations of disease status and treatment effects. One find-
ing is that we don’t need a high performing model to see
any gain in the efficiency while keeping accurate results.
Like ensemble method, it does not require a strong indi-
vidual grader, Al or human, but still performs consistently
on the final output. In practice, when the sample size is
small or the outcome is imbalanced, only moderately per-
forming models are achievable. In such a case, it is recom-
mended that Al serves as a supportive reader that has less
weight on the final grading. This framework would still re-
duce trial cost even when the arbitrator is much more ex-
pensive than the first/second reader. From an implemen-
tation standpoint, AI-SR integrates naturally into existing
central imaging workflows: the AI serves as a supporting
reader alongside the first human reader, with human adju-
dication triggered only upon disagreement, thereby mirror-
ing the established double-read-plus-adjudication paradigm
while preserving human oversight. Several practical consid-
erations are important for prospective deployment. To en-
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sure reproducibility, the Al model weights, image prepro-
cessing steps, and post-processing rules should be locked be-
fore prospective inference or trial image reads begin. To pre-
serve study integrity, the AI-SR decision logic should be pre-
specified in the Statistical Analysis Plan or imaging charter,
the AT should remain blinded to treatment assignment and
visit order as required by the study design, and the handling
of ungradable images should be documented prospectively.
Within this framework, AI-SR can be positioned within a
decision-support context of use, as a qualified human reader
remains the ultimate arbitrator. This approach is consistent
with key principles emphasized in the FDA’s draft guidance
on AT to support regulatory decision-making [18], the FDA
Good Machine Learning Practice guiding principles [19], and
the EMA reflection paper on Al in the medicinal product
lifecycle [5]. At the same time, Al graders could also be
updated by pooling more studies. As their performance en-
hances, the weight of the AI graders could also be elevated.
Consequently, AI serving as independent reader could be
more reliable.

To the best of our knowledge, this is the first study to
examine the impact of an Al-assisted grading framework on
the evaluation of treatment effects and trial conclusions in
a clinical setting. This finding is particularly significant as
it highlights the importance of the choice of the right Al
framework for assessing outcomes of clinical trials.

Accepted 19 October 2025
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