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probable causes of death (CoD) using written narratives recorded
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e training data lead to poor results from neural
network based models.

The primary goal of this project is to automatically determine
CoD categories from free-text narratives written in Hindi by
utilizing machine learning algorithms.
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using Google API : : : : : : . . English narratives into Hindi using Google Translate API;
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DATASET

Our main dataset comes from the Million Death Study Program.

RESULTS DISCUSSION AND FUTURE WORK

Since the majority of the the available records in MDS are scans e Medical symptoms are often described in local terms by the non - medical surveyors/

of handwritten forms, we use a subset consisting of the records PERFORMANCE ON THE ORIGINAL HINDI DATA respondents. Moreover, different writing styles and inconsistent adherence to transliteration

rules could lead to poor data quality.

with narratives written in Hindi that have been manually

transcribed using Latin characters into a digital format. Then, we Model e Some narratives are long and include background information that is not directly related
ode

Precision PCCC COMF to CoD; which caused some misclassification.

automatically convert these narratives into Devanagari.
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uttaradAtA kE anusAra mRRitaka kI kAphl umra hO chukI thl. NB 0313 0.423 0.337 0.382 0.603 and alternative neural networks.

usE pichalE takarIbana 15 varShOM sE “diabetes” kI bImArI thl.

niyamita rUpa sE usakA IlAja va dawAl IEtI thl. usE dO bAra
“mild heart attack” bhl AyA thA. IlAja bhl karawAyA “Adm PERFORMANCE ON THE ORIGINAL HINDI DATA + TRANSLATED DATA

bhI rahIM magara Eka dina zOrO sE sInE mE darda hOnE lagA c

aura “3rd heart attack™ A gayA jisakE kAraNa usakI ghara para hl
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