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Abstract— A simple method for mining interesting relations
between concepts in a certain state is presented. Those relations
should reveal same rules that a human coder uses while assigning
ICD-9-CM billing codes. This study focuses only on three most
occuring medical concepts in radiology dictations: cough, fever
and pneumonia. An algorithm that tries to associate relation
between two concepts in a certain states with information if one
of them should be coded or not.

I. INTRODUCTION

Many hospitals and medical practicies have to deal with
wrong codes assign to a patient visit. Past and on-going
studies do not agree about manual coding error [1]–[8] by
reporting different error rates. One of the solutions to decrease
these errors is incorporation of coding aid software [9]–[11].
An approach to the problem of aiding coding process by
automatical assigment of most common codes is presented.
The method uses three main components: Unified Medical
Language System [24] as a background knowledge, states
of medical concepts [12]–[15] as main knowledge unit and
association rules [16]–[19] as a meaning binding technique.
Binding meaning is a filtering process that captures meaning-
full knowledge unit and relations between them (see examples
4 and 5). Automatic code assigning might be also viewed as a
text categorizaton problem [20]–[23]. In spite of known work
in these area presented algorithm wants to make a way to
collect proper state + concept knowledge units and relation
between them. Automatic code assigment is a task that shows a
practical use o those knowledge units. There are many potential
applications for mining of meaningful conditions/modifiers of
medical concepts [12]–[15].

II. DATA

As a data set we use one year of chest x-ray and renal ul-
trasound from Radiology Department in Cincinnati Children’s
Hospital Medical Center. As mentioned before in this study

we describe only a portion of that data outcome: cough, fever
and pneumonia. The dictations have two main parts: clinical
history - given by an ordering phisician before a radiological
procedure and impression - reported by a radiologist after the
procedure. Example of a radiology report is given in the 1
figure. Two sub-sets of Unified Medical Language Systems

CLINICAL HISTORY: Cough, congestion,
fever.

IMPRESSION: Increased markings with subtle
patchy disease right upper lobe.
Atelectasis versus pneumonia.

Fig. 1. An example of a radiology report. Fields that are irrelevant for coding
purposes were discarded.

(UMLS) [24] are used: SNOMED CT Qualifiers Values and
Linkage Concepts sub-trees as a state/modifiers terms, ICD-
9-CM with SNOMED CT mapping as a medical concepts.
SNOMED CT was chosen because of good clinical terminol-
ogy coverage [25]–[26]. A natural way to map ICD-9-CM
concepts is to use ICD-9-CM ontology [27]. Unfortunately it
does not have too many synonyms so SNOMED CT mappings
to ICD-9-CM are used for that reason. Hierarchical relations
from UMLS were also extracted. Figures 2 and 3 show sub-
trees of SNOMED CT and ICD-9-CM hierarchy respectively.
States and concepts that occur in the data set less then 20
times were discarded that gives overall 3271 nodes (leafs and
ancestors) and 796 hierarchical relations. A class of ICD-9-CM
codes assign to a radiology dictation might be composed of up
to three codes. These code are used by insurance companies
to document reasons for ordering a radiology procedure. The
used data set was prepared so classes that occure less then
100 times were discarded. That gives 15 classes with overall



All (2315) 786.2
(489)

786.2
780.6
(297)

786.2
780.6
486
(342)

786.2
486
(405)

486
(237)

786.2 (1552) 451 177 144 312 6
786.2 780.6 (146) 9 48 40 6 1

786.2 780.6 486 (0) N/A N/A N/A N/A N/A
786.2 486 (0) N/A N/A N/A N/A N/A

486 (617) 17 20 114 64 178

TABLE I
SUB-SET OF A CONFUSION MATRIX BEFORE RULES APPLICATION. THE

BIGGEST ERROR IN EVERY CLASS IS BOLDED. Cough [CODE 786.2], fever

[CODE 780.6] AND pneumonia [CODE 486] REPORTED.

8263 documents. This paper reports 3 out of 15 classes plus
2 false positive classes reletad to cough [code 786.2], fever
[code 780.6] and pneumonia [code 486]. Simple mapping

Fig. 2. A small part of SNOMED CT hierarchical structure. Edges labels
denote occurrence of a child node.

Fig. 3. A small part of ICD-9-CM hierachical structure. Edges labels denote
occurrence of a child node. Leafs are either original ICD-9-CM nodes or
SNOMED CT mappings.

of ICD-9-CM concepts (concept modifiers are not inculeded)
from UMLS gives ≈ 29.2% accuracy (the trace of a confusion
matrix) in case of the reported sub-set of all classes in the
original data set. The mapping algorithm was same as in [28].

III. ALGORITHM

This study focuses on two meaning od modifiers/states:
code or not to code. ICD-9-CM guidelines ?? say that only
sure diseases should be coded. Second requirement is to code

sign and symptoms only if other fidings are not present.
Our approach wants to learn those guidelines from the data.
Examples of guidelines in use are shown in figures 4 and
5. Theses two requirements are enough to make standard

Fig. 4. A relation example. A symptom can be coded because of no definitive
diagnosis.

Fig. 5. A relation example. A symptom is not coded because of definitive
diagnosis.

categorization techniques to fail. A method that extracts rules
for a state of a concept might show improvement over standard
Natural Language Processing techniques since they do not
capture difficult medical relations. Information if a code assign
by simple mapping algorithm is a false positive or true positive
serves as a information if a disease is codeable or not. This
way a filter is applied to search only for meaningful realtions
and states of concepts. Schema for gathering conditional
probabilities is shown in figure 6. This algorith is a very simple

Fig. 6. A mining schema. Which states and concepts determine concept1
true positive or false positive meaning?

exhaustive search approach that looks for all combinations of
the nearest state of a concept with other concepts in the same
radiology dictation. Once this kind of relation is acquired
all possible combinations of ancestors are gathered for the
conditional probabilities. The conditional probability is if a
concept1 in a context of a state and relation to other concept
should be coded or not.

IV. MINING

The cut-off for rules is 0.8 confidence and 20 for support.
That gives 149 rules. Table VI shows some rules that mention



All (2315) 786.2
(413)

786.2
780.6
(266)

786.2
780.6
486
(352)

786.2
486
(361)

486
(209)

786.2 (1552) 733 265 47 106 11
786.2 780.6 (146) 15 72 17 4 2

786.2 780.6 486 (0) N/A N/A N/A N/A N/A
786.2 486 (0) N/A N/A N/A N/A N/A

486 (617) 27 31 60 85 218

TABLE II
SUB-SET OF A CONFUSION MATRIX AFTER RULE APPLICATION. THE

BIGGEST ERROR IN EVERY CLASS IS BOLDED. Cough [CODE 786.2], fever

[CODE 780.6] AND pneumonia [CODE 486] REPORTED.

cough, fever or pneumonia and interactions between them. The
data is very noisy because of human coding errors so for some
association rules there is not too big confidence.

V. RESULTS

Applying 149 rules to the whole data set gives improvement
of ≈ 15% for the cough [code 786.2], fever [code 780.6] and
pneumonia [code 486] mixture classes.

VI. CONCLUSION

Presented algorithm shows an approach for learning ICD-
9-CM guidelines from the data. This establishes a method for
filtering meaningful relations and states/modifiers of concepts.
A novel way for assesing interesting relations and modifiers
was presented. This method might be extended to other
applications that make use of background knowledge.
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