Deep Learning Utilizing Discarded Spirometry Data to Improve Lung Function and Mortality Prediction
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Introduction

* Spirometry measurements are often noisy; two-three

blows are often required to estimate spirometry metrics A) FEV,;/FVC<0.7 Prediction B) FEV,pp Prediction C) Mortality Prediction
such as FEVy and FVC. AUROC ¢t Mean Absolute P tage Error C d Score 1
o I ean solute rercentage crror ohcordance Score
Tr.adltlonally only the b?St FEV, and .FVC are reported,. . 40 50 60 70 80 90 100 110 6 8 10 12 14 0.3 0.4 0.5 0.6 0.7
with data from submaximal and quality control (QC) failing
blows being discarded Rej: Time to PEF 93.5 Rej: Time to PEF 12.1 FEV1, FVC, FEV1/FVC 0.62
* We hypothesize th:a\t discarded spirorngtry blow data _ FEV1/FEV6, FEV6
meaningfully contributes to the prediction of lung health Non-Max & QC-rej 97.9 Non-Max & QC-rej 10.2
and all-cause mortality. FEF75
Non-M | :
on-Max Only 98.3 Non-Max Only 9.9 s e
MethOd Max Blows Only 99.2 Max Blows Only 10.5 Representation 0.66
* Examined 268,473 UK Biobank participants with 2-3
spirometry efforts and at least 1 QC-passing effort Figure 1: We use SimCLR representations, filtered on only QC-  Figure 2: Similar to Fig.1, we use the SImCLR representation Figure 3: The learned representation is used in time-to-event
« Spirometry data were volume-time data at 10 ms intervals rejected and non-maximal efforts, to predict if the maximal filtered on QC-rejected and non-maximal efforts to predict FEV; analysis to evaluate its predictive power compared to traditional
- All efforts for each individual were used to train a Deep FEV,/FVC ratio is less than 0.7. AUROC results show that using  %Predicted (using GLI2012). Using the non-maximal efforts spirometry measurements. We see that the concordance score
Learning model based on SimCLR [1] only QC-rejected and non-maximal efforts can achieve similar achieves similar mean absolute percentage error as the using results indicate that our representation results in more accurate
performance as using the maximal effort only. only the maximal efforts. predictions.

 Randomly applied transformations to each effort:

Volume-Time Flow-Time Flow-Volume 2 i i ) ) .. . . .
§ } ) Qe Figure 4 (Left): UMAP [2] low-dimensional projection of the SimCLR representation of CO“CIUSIO“S

. 25 2 each effort. The entirety of an individual’s efforts are circled in blue. Each . . . .
| individual’s SImCLR spirometry representations are close together, which indicates * We trained a Deep Learning SImCLR representation
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y & & 10 AL EA R ‘ averaging across representations is a reasonable approach to generating a single of spirometry data from the UK Biobank, including
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. . @ TS e gy el GG b representation per individual. This averaging approach improved performance. discarded" QC-rejected and non-maximal efforts
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fii R0 3 R Figure 5 (Below): Evaluation of different data transformations (lower is better) on « We observed feature similarity across the entirety of a

representation similarity. Each cell represents the 1 or 2 transformations (row & column) participant’s blows, indicating the discarded blows
on the data. We calculate the average distance between blow representations for a given | contain complementary information to the best blows.

 The model is trained to
predict whether any 7

two randomly Volume-Time Flow-Time Flow-Volume individual af.ter applying.the
selected. transformed ° Volume-Time 0.128 0.282 0215 | transformations. Increasing the * The SIimCLR representation incorporating all QC-
blows ar’e oroduced by Flow-Time 0.282 0.152 0.291 numper of transformations INCreases passing spirometry efforts improved on prediction
the same individual : . : i : . - Flow-Volume 0.215 0.291 0.176 | the distance between representations of FEV,pp compared to using only maximal efforts
Neural '
tw . . . Volume-Time Curves: Male, 21 Samples Flow-Volume Curves: Male, 21 Samples * The SImCLR representation also improves time-to-

Network . The leamed SimCLR Figure 6 (Right): We apply [3] > event mortality prediction compared to traditional
representation (100- which estimates the relative 20007 spirometry metrics
dimensional vector) is importance (orange) of the blow __— 4009
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