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Introduction — Represent new meal as a combination of meals in dataset X Results
— Monitoring diet intake is essential to prevent the onset of S ~— M | | " L \1/2
diseases such as obesity, type 2 diabetes (T2D) [1] Kpts! = z z WinsXms Evaluation metric: NRMSE = (NZ —y)/y ) ,
— Conventional methods of monitoring diet intake include _ Learn weights w, - using LasSso renéularization 09 warbenydrate et &
ms 3.
recording food diaries which can be cumbersome to the user : 7
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and also unreliable. Allw, s, t.w. . > 0 Bos
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— Continuous glucose monitors measures glucose in the — Normalize the learnt weights 2>
interstitial fluid using an electrode inserted in the skin. We ~ /YW 0.2
CGM to record the postprandial glucose response (PPGR) ms = W e 00
use P " — Zms, macronutrient composition of meal m’ and subject s”  °7 5 ©©r 0,56 0B EE O REN (980 0O B EP O RN 1508 0 0 0 P
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Lin's! = 25 Emesst — Leave one subject out (LOSO) :Train on 14 subjects and test on

the 15t subject
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— Key Idea: PPGR of a meal depends on the macronutrient ® ® O Proposed 0'49*** 0.23 0'39** 0.37 049 048
concentration of the meal [2]. Therefore, shape of the PPGR O ;*;Q_——‘ O RR 0-39*** 0.12 0-24** 045 0.71 0.60
can be used to recover the macronutrient composition of the ® O Wins Q O LDA-kNN 0.36 005 0.28 048 0.64 0.67
meal. O O — Leave one meal out (LOMO):- Train on 8 meals and test on the
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G) Carbohydrate O ‘Q O 9th meal
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Test meal ® - Pooled correlation Average RMSRE
Protein x1 = Method C p F C p F
Dataset LOSO 0.49* 0.28" 0.39"™ 037 049 0.48

: — 15 subjects (60-85 years) and BMI 25 — 35 LOMO 0.5 0.07 0.24™  0.41 0.7 0.64
" — Each subject took part in 9 study days where they consumed Conclusion

— Proposed Approach: A sparse coding appTrIc;naech to estimate meals with different amounts of macronutrients — The sparse method outperforms two supervised methods on a
macronutrients from PPGR. Represent the PPGR of a meal as subject independent task. The performance on the subject
a sparse combination of meals in a dictionary. Then combine C1P1F1 59 95 15 13 mdlfpendent task is better compared to a subject dependent
the sparse weights with the macronutrients in the C2P2F2 94 75 30 6

dictionary’s meals to estimate the macronutrients of the test — The sparse method performs better on predicting

meal C3P3F3 _ carbohydrates compared to proteins and fats
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