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Abstract. This paper summarizes improvements to an earlier developed Fuzzy 
Bayes approach for assigning coding categories to injury narratives randomly 
extracted from a large U.S. insurer.  Improvements to the model included: 
adding sequenced words as predictors and removing common subsets prior to 
calculation of word strengths.  Removing subsets and adding word sequences 
improved prediction strengths for sequences found frequently in the training 
dataset, and resulted in more intuitive predictions and increased prediction 
strengths.  Improved accuracy was found for several categories that had proved 
difficult to code in the past.  This study also examined the effectiveness of a 
two-tiered approach, in which narratives were first categorized at the broad 
level (such as [falls]), before classification at a more refined level (such as [falls 
from heights].)  The overall sensitivity following a two-tiered approach was 
79% for predicting classifications at the broad category level and 66% for the 
more refined prediction categories.   

Keywords: Textmining, Occupational Safety, Workers Compensation, BLS, 
Textminer. 

1   Introduction 

Injury narratives can provide useful information for selection of interventions for the 
prevention of injuries [1], [2] [6].  Using the computer to help classify narratives has 
the potential for reducing the burden implicit in manually reviewing and classifying 
large numbers of narratives from administrative injury databases.  

A computerized approach based on Fuzzy Bayes logic was introduced in previous 
studies [3], [4], [5].  This study furthers that investigation by: 1) using separate 
prediction and training datasets, 2) adding sequence words as predictors, 3) reducing 
the strength of common words, found in more than one category, by removing 
common subsets, and 4) determining the value of using this method to assign more 
specific classifications. 
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2   Methods 

Workers’ compensation claims case narratives were randomly extracted from a large 
US insurer.  A trained, three person coding panel classified the narratives into two 
digit event categories (leading to injury) according to the Bureau of Labor Statistics 
(BLS) Standard Occupational Injury and Illness Classification (SOIIC) coding 
scheme [8].  Only narratives where at least 2 out of 3 coders agreed on the code were 
used (n=10,389), these codes were considered as the gold standard for comparing 
computerized coding.  Three thousand narratives were extracted as the prediction data 
set, while the Fuzzy Bayes classifier “trained’ from the probabilities of categories 
given word, word combinations or word sequences of 7,389 narratives.  A previous 
study [5] found that using multiple word predictors, (the MW model) when compared 
with using single words alone, improved both the sensitivity and specificity of the 
computer generated codes.  In this study all models were compared with the MW 
model.   

As reported earlier [5] and repeated here using a new classification strategy and 
narratives, this method is capable of predicting injury event categories with a high 
level of accuracy (MW model, 78%).  The new strategy included adding two word 
sequences to the wordlist and removing subsets (MW2SEQSUB model), this 
marginally improved the overall accuracy of the model at the category level (79%).  
Results for each category (for training and prediction datasets combined and the 
prediction data set only) are given in Tables 1 and 2 respectively.  However, the 
prediction of the category when including word sequences were determined at higher 
strengths and were clearly more intuitive (Table 3).  The optimistic bias [7]  of 
predicting training and prediction narratives combined as compared with prediction 
narratives alone ranged from 6 to 10%. 

3   Results 

If sequenced words are found frequently in a category of the training set, the strength 
of the sequence as a predictor can be much higher than using words not in sequence.  
The MW2SEQ model correctly predicted 33 additional narratives, which had been 
poorly predicted in the MW model.  The mean prediction strength for those 33 
narratives was 7% higher with the sequenced words.  Overall the sequence model 
predicted classifications at higher strengths than word combinations (MW mean 
strength .82, MW2SEQ mean strength .87). Examples of the improved predictions 
from the MW model to the MWM2SEQ model are shown in table 3. 

There was a larger improvement when adding word sequences at the two digit level 
with the largest improvement in the contact category ‘struck by’ (8%).  This may be 
important because the sensitivity of contact categories have been consistently low [5].  
Results for two digit categories (with greater than 100 claim narratives) are provided in 
Table 4.  The larger categories maintained a high level of accuracy (‘Fall from same 
level’ had sensitivity of 84% and ‘highway incident’ had sensitivity of 97%). 

Finally, although the model with word sequences predicted more specific 
classifications, some of the categories had too few training narratives (i.e. [fires and 
explosions], n=42) for an adequate number of unique predictors to be generated.   
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4   Conclusions 

From this study it can be seen that using a Fuzzy Bayes approach, threshold values 
can be used to filter out more difficult narratives for manual review.  Examination of 
Tables 1 and 2 suggest that the mean strengths of the [falls] category compared with 
the [contact] category would result in more of the latter narratives filtered out for 
manual review, a process that would improve the final accuracy substantially.  Some 
additional improvements are being considered for improving the accuracy of smaller 
categories.   

In summary, a more refined computerized approach for classifying narratives using 
a Fuzzy Bayes approach has been developed.  Sequenced words can be stronger 
predictors, if found sufficiently frequently in the training dataset, and their results use 
more intuitive predictors.  Removing subsets is an important strategy to consider 
when common single word predictors are found in more than one category. 
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