
CONCLUSIONS
- Prior to model deployment in the clinic, our approach can be used to generate calibration plots 

reflecting the relationship between distance metrics with model performance metrics across the different 
distributions in a well-characterized dataset. 

- Subsequently, these calibration plots can be used to make predictions on the expected classification 
performance on newly acquired datasets of unknown distributions. 

- In light of the FDA's October 2023 guidance on characterizing data distribution shifts to facilitate 
model deployment9,10, our work shows strong correlations between well-validated distance metrics and 
model classification performance. 

- Forthcoming work extends our analysis to additional datasets.

RESULTS

MATERIALS AND METHODS
- To assess model robustness, we designed and validated novel distance metrics and 

correlated them to retraining performance under dataset distribution shifts. We 
identified two axes of distance metric computation for a classification model: 

1. the n-dimensional feature (embeddings) vector space, 𝔽 ∈  ℝ𝑛; and 

2. the softmax prediction vector space, Δ 𝑦 , where 𝑦  is the number of classes and Δ is 
the probability simplex. 

- Importantly, our approach treated the underlying model as a “black box”, relying solely 
on image-level model feature vectors and prediction vectors for metric computation.

- For each axis of distance metric computation, we calculated three metrics. In the 
features space, we calculated: 
• “Feature distance metrics”

1. cosine distance, 
2. transport distance and,
3. KL divergence, 
with each metric computed between the centroids of the different data 
distributions. 

- In the prediction vector space, we computed: 
• “Test estimation metrics”

1. average thresholded confidence with maximum confidence as the score 
function (ATC-MC)6, 

2. average confidence and, 
3. difference of confidences

- We used the Digital Mammographic Imaging Screening Trial (DMIST) dataset7, a 
multi-device dataset for multi-class breast density classification consisting of 108,230 
mammograms from 21,729 patients. 

- Classification metrics were evaluated on the test set (65% train : 10% validation : 25% 
test) for training runs encompassing distribution shifts between four mammography 
scanner devices (“ads”, “other”, “senograph”, “senoscan”), with UMAPs in Fig. 1.

 
- For each of the source-target pairs across each source training run, we calculated and 

subsequently correlated each “feature distance metric” and “test estimation metric” with 
relevant classification performance metrics, including: 
1. average AUROC, 
2. accuracy and, 
3. linear kappa (LK).

BACKGROUND
While the development of artificial intelligence (AI) and deep learning 
pipelines for clinical tasks has surged in recent years1–4, their 
translation into clinical practice remains sparse. A notable concern is 
the poor performance of models upon deployment due to differences in 
real-world clinical data from training data. Model robustness, defined 
as the ability to adapt well to out-of-distribution (OOD) data, is a 
particular challenge5, and there is a lack of explicit characterization 
and quantification of model robustness in the current literature.
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- Among the “feature distance metrics”, transport distance (Eqn. 1)8 correlated 
best with classification performance for training runs on each source device 
(Fig. 2a). 

- Intuitively, higher transport distance signifies a distribution farther from the 
source, and results in poorer model performance as reflected by the lower 
average AUROC, accuracy and LK. 

- Among the “test estimation metrics”, ATC-MC (Eqn. 2)5,6 correlated best with 
classification performance (Fig. 2b).

- Since higher ATC-MC values indicate a stronger predicted classification 
performance, this is reflected in higher true classification performance. 

- These correlations remained consistent across different model architectures 
(densenet121, Fig. 2i vs. resnet50, Fig 2ii) and on repeat runs. 

- Finally, the histograms in Fig. 3 highlight that the distribution of transport 
distance from the source centroid to each target point followed similar trends 
as the centroid-to-centroid “feature distance metric” in Fig. 2, thereby 
reinforcing true difference between the distributions.

𝑇𝑟𝑎𝑛𝑠𝑝𝑜𝑟𝑡 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 =  𝑇 𝑃, 𝑄 = inf𝛾 ∈ ∏ 𝑃,𝑄 𝔼 𝑥,𝑦 ~𝛾[𝑑 𝑥, 𝑦 ] (𝐸𝑞𝑛.  1)

𝑤ℎ𝑒𝑟𝑒 ∏ 𝑃, 𝑄  𝑖𝑠 𝑡ℎ𝑒 𝑠𝑒𝑡 𝑜𝑓 𝑎𝑙𝑙 𝑗𝑜𝑖𝑛𝑡 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛𝑠 
𝑤ℎ𝑜𝑠𝑒 𝑚𝑎𝑟𝑔𝑖𝑛𝑎𝑙𝑠 𝑎𝑟𝑒 𝑃 𝑎𝑛𝑑 𝑄.

𝑇𝑟𝑎𝑛𝑠𝑝𝑜𝑟𝑡 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑖𝑠 𝑎𝑙𝑠𝑜 𝑘𝑛𝑜𝑤𝑛 𝑎𝑠 𝑡ℎ𝑒 𝐸𝑎𝑟𝑡ℎ 𝑀𝑜𝑣𝑒𝑟′𝑠 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 
𝑜𝑟 𝑡ℎ𝑒 𝑊𝑎𝑠𝑠𝑒𝑟𝑠𝑡𝑒𝑖𝑛 𝑀𝑒𝑡𝑟𝑖𝑐

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑𝑒𝑑 𝐶𝑜𝑛𝑓𝑖𝑑𝑒𝑛𝑐𝑒 =  𝐴𝑇𝐶 𝑋𝑇

= 𝔼𝑥~𝐷𝑇 𝕀[𝑚𝑎𝑥𝑗∈𝕪𝑠 𝑥 𝑗 > 𝑡]  (𝐸𝑞𝑛.  2)

𝑤ℎ𝑒𝑟𝑒 𝑡 𝑖𝑠 𝑎 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑 𝑜𝑛 𝑠𝑜𝑚𝑒 𝑠𝑐𝑜𝑟𝑒 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛, 𝑠: Δ𝑘 → ℝ. 
𝐼𝑛 𝑜𝑢𝑟 𝑐𝑎𝑠𝑒, 𝑡ℎ𝑒 𝑠𝑐𝑜𝑟𝑒 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 𝑖𝑠 𝑡𝑎𝑘𝑒𝑛 𝑡𝑜 𝑏𝑒 𝑡ℎ𝑒 𝑚𝑎𝑥𝑖𝑚𝑢𝑚 𝑐𝑜𝑛𝑓𝑖𝑑𝑒𝑛𝑐𝑒 (𝑀𝐶)

Figure 1: UMAPs generated on the test dataset for 
training runs on each source device for the breast density 
classification (DMIST) dataset. While a UMAP may be a 
useful dimension-reduced representation of a dataset, it is 
not necessarily indicative of model performance across 
axes of data heterogeneity. The higher dimensional 
feature space is a richer source of information likely to be 
more representative of dataset characteristics and is 
consequently used in this work for computation of 
“feature distance metrics”.

Figure 2: Plots highlighting the correlation between relevant 
classification performance metrics (avg AUROC, accuracy and 
linear kappa) with (a) transport distance (“feature distance 
metric”), and (b) ATC-MC (“test estimation metric”). All 
correlations are in the correct directions, with the corresponding 
Pearson’s correlation coefficients, r, indicated on each plot. The 
correlations are robust to model architecture, as the trends 
remain consistent across the different model architectures, (i) 
densenet121 and (ii) resnet50, despite each architecture having a 
differently sized higher-dimensional embedding space.
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Figure 3: Histograms highlighting the distribution of transport distance 
(“feature distance metric”) between the feature vector of every image from 
the centroid of the source, for training runs on each source device. The right 
panel is a magnified view of the frequency range 0 – 500, and vertical lines 
highlight the mode of each device cluster. The distribution of transport 
distance from the source centroid to each target point follows similar trends 
as the centroid-to-centroid “feature distance metric” in Fig. 2, thereby 
reinforcing true difference/distance between the distributions. As an 
example, the (c) “senograph” training run produces a source-centroid-to-
target-point transport distance distribution that follows the same trend as 
the source-centroid-to-target-centroid transport distance (i.e. distance from 
“ads” < “senoscan” < “other” throughout the dataset) and its corresponding 
correlation to model classification performance as highlighted in Fig. 2(a)(i); 
this is true for each of the source training runs in this figure.
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