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Abstract. Diagnosing breast cancer from mammography reports is heav-
ily dependant on the time sequences of the patient visits. In the work
described, we take a longitudinal view of the text of a patient’s mam-
mogram reports to explore the existence of certain phrase patterns that
indicate future abnormalities may exist for the patient. Our approach
uses various text analysis techniques combined with Haar wavelets for
the discovery and analysis of such precursor phrase patterns. We believe
the results show significant promise for the early detection of breast can-
cer and other breast abnormalities.

1 Introduction

Most research involving mammography is performed on the image data, usually
without regard to the corresponding textual reports. These reports are unstruc-
tured text, written by a human subject-matter expert, about the images of a
patient. A set of reports for an individual patient forms a sequence of observa-
tions based on each patient visit. We believe that frequency analysis of phrase
patterns can be analyzed to enhance the accuracy of detecting and forecasting
breast anomalies. Our work focuses on a longitudinal view of the patients with
respect to the mammogram reports. We believe a frequency analysis of the com-
plete patient record will provide precursors to breast anomalies that currently
cannot be detected. Consequently, this work seeks to explore the following ques-
tions:

– Do phrase patterns exist that act as precursors to future abnormalities in a
patient?

– If so, how far in advance of the abnormality do they occur?

Answers to such questions may provide enhanced, automated detection as well
as more efficient and effective care of patients. This paper describes initial work
being performed to answer such questions. Section 2 discusses the background
of the radiology reports being addressed by this work as well as the natural
language processing that is needed. Section 3 discusses the analysis approach,
while section 4 discusses results. Section 5 discusses conclusions.



2 Background

In this initial study, reports from 12,809 patients over a 5-year period are an-
alyzed. There are 61,064 actual reports in this set, which include a number of
reports that simply state that the patient canceled their appointment. For the
work discussed here, we are particularly interested in studying the patients with
multiple reports over time. Some of these patients have reports that predate the
study and also have diagnostic screenings, indicating a potential health problem.
Abnormal reports tend to have a richer, broader, and more variable vocabulary
than normal reports. In addition, normal reports tend to have a higher number
of “negation” phrases. These are phrases that begin with the word “no” such
as the phrase “no findings suggestive of malignancy”[3]. Another challenge in
analyzing the natural language of these reports is that there are multiple ways
of conveying the same meaning. Phrases such as “no strongly suspicious masses”
and “no new suspicious mass lesions” both mean that nothing cancerous was
observed. To account for this variability in the language, we used the natural
language processing technique known as skip bigrams, or s-grams. S-grams are
word pairs in their respective sentence order that allow for arbitrary gaps be-
tween the words[6]. For example, the s-gram for the previous phrase examples is
the words no and suspicious. As discussed in [4], s-grams are an effective tech-
nique in determining normal and abnormal reports. The next step is to analyze
patient records to determine if abnormal report occurrences can be forecasted.

3 Approach

The objective of this work is to identify whether certain phrase patterns exist
within patient reports that act as precursors to future abnormalities. To explore
this, we analyzed the patient records that contain a higher number of reports.
This narrowed the patient data set to 667 patients who had between 12 and
16 reports each. Of these patients, the ones of most interest for this work are
those with discernable patterns in their medical reports. For example, a patient
with cancer may have had an early report that mentions something unusual
or suspicious, followed by years of normal reports, before the cancer appeared.
The early report may be a precursor for the cancer. To identify these patients,
each report in each patient record is analyzed to count the number of normal
and abnormal s-grams as described in [4]. This provided a temporal sequence of
normal and abnormal s-gram counts for each patient record. The following table
shows an example patient record where s-grams were counted for each report.

In the example shown in Table 1, there is some abnormality that is men-
tioned early in the record (May 24, 1984) and then the record contains multiple
abnormal s-grams toward the end of the record (beginning on Dec 7, 1991). The
normal and abnormal s-gram counts form a temporal sequence for each patient.
Our goal is to be able to compare patients based on these sequences. To find pa-
tients with similar patterns in the set of 667, we use a discrete wavelet transform
(DWT) of the temporal sequence of abnormal s-gram counts [1][5]. A wavelet



Table 1. Example record of normal and abnormal s-gram counts for patient A

Mammogram Normal Abnormal
Date S-grams S-grams

May 20, 1981 1 0
May 24, 1984 3 1
June 3, 1985 3 0
March 9, 1988 1 0
July 12, 1989 4 0
Dec 5, 1990 3 0
Dec 7, 1991 1 4

March 11, 1992 0 4
March 11, 1992 0 4
March 22, 1992 0 1
March 22, 1992 0 1
March 23, 1992 0 0
Nov 9, 1992 0 0

transform is a mathematical function that is used to split a function into sepa-
rate scale components, thus providing a multi-resolution analysis. The wavelet
transform is analogous to a prism that breaks light into its various spectral col-
ors. They are widely used in time-series analysis, as well as in other domains
such as image processing. A critical feature of the DWT is that it will not only
identify the frequencies that constitute a temporal sequence, but also the loca-
tion in time in which those frequencies occur. It is this feature of the DWT that
is exploited in this work, as our objective is to find phrase patterns that occur
prior to other phrase patterns. In addition, a DWT provides the ability to find
similar temporal patterns, allowing for the flexibility of matching patterns de-
spite amplitude and time shifts. Previous work has shown wavelets to be effective
in performing similarity searches of time series [2]. However, the work described
here utilizes a rule-based approached to finding similar temporal patterns using
DWT that does not rely on the use of thresholds. This enables a wider range of
temporal patterns to be found that contain the basic temporal characteristics of
interest. Each patient record consisted of 16 or fewer reports. For records with
less than 16 reports, the temporal sequences were padded with zeros until there
were 16 elements. Next, for each patient record, the temporal sequence of abnor-
mal s-gram counts were transformed using a Haar wavelet [1]. For example, the
transform for patient A (of Table 1) is shown in the following table. After each

Table 2. Haar wavelet transform of abnormal s-gram sequence for patient A

1st coefficient 0.9375
Band 0 0.1875
Band 1 -0.875 0.75
Band 2 0.25 -2 1 0
Band 3 -0.5 0 0 0 1.5 0.5 0 0

of the 667 patient records is transformed via a Haar wavelet, the next step is to
begin looking for the patterns of interest, early abnormality and late anomaly.
First, resolution 1 of each patient is examined. Specifically, the first coefficient



of resolution 1 should be less than 0 while the second coefficient of resolution 1
should be greater than 0. This particular pattern identifies those patients with
an increasing amplitude change in their s-gram counts toward the end of the
records (rather than at the beginning of their records), which suggests that di-
agnostic screening was performed near the end of the patient’s record. Second, if
the pattern for resolution 1 exists, then resolution 2 of each patient is examined.
Specifically, either the first or second coefficient (or both) of resolution 2 should
be less than 0 while the third and fourth coefficients should both be greater than
0. This particular pattern identifies those patients who have a short duration of
abnormal s-gram counts early in the records, which suggests that some unusual
feature about the patient was mentioned early in their record. For higher resolu-
tion, resolution 3 could be used instead of resolution 2. In that case, the first four
coefficients would be checked for negative values, while the last four coefficients
would need to be positive. Patient records that match these patterns in the Haar
DWT are then selected. This reduced the data set to 123 patient records, which
is approximately 1% of the original data set. For these selected patient records,
all s-grams were extracted from the first report in which the abnormal s-gram
count was at least 1 but less than or equal to the normal s-gram count. This
represents a normal report where some potential abnormality was mentioned.
Next, the time elapsed was computed between this first report and the next re-
port where the abnormal s-gram count was higher than the normal s-gram count.
This second report represents an abnormality that was detected and a diagnostic
screening was requested. From the example data shown of patient A in Table 1,
the first report would be the one dated May 24, 1984 and the next report would
be the one dated December 7, 1991. All s-grams from the report dated May 24,
1984 are extracted and considered as potential precursor patterns. Finally, the
frequency of each extracted s-gram was computed along with the corresponding
average elapsed time. The results of this approach applied to the 123 selected
patients are shown in the following tables and figures.

4 Results

Table 3 shows the top three precursor s-grams that were observed. In review-
ing this table, there is no single definitive precursor s-gram. However, the top
three s-grams have approximately a fifty percent occurrence as a precursor. This
means that, of the 123 selected patients, if one of those s-grams were mentioned
in the patient’s record, then there is a fifty percent chance that the patient will
have a diagnostic screening (i.e., an abnormality will be seen that requires addi-
tional testing) at some point in the future. While this percentage is equivalent
to random selection, in comparison to the other s-grams found, these s-grams
show promise as potential precursors and demonstrate a capability far beyond
the current state of the practice, which is dependent entirely on manual analysis.
Table 4 shows the average elapsed time in units of days for each of the s-grams
shown in Table 3. What is very encouraging in these results is that the first
and third s-grams provide approximately a three to five year lead-time. This



Table 3. Top three precursor s-grams

S-gram Occurrences Occurrences in % Occurrence
as Precursor Selected Patients as Precursor

lymph & node 39 71 54.93
cm & density 12 24 50.00

nodular & density 51 104 49.04

provides a very early warning indication of a future abnormality. The drawback,
however, is that the skewness and kurtosis values for these s-grams indicate sig-
nificant variability in this window. The reason for this is that these terms are
general and vague in their meaning, but still provide some level of indication
that the radiologist sees a feature of concern. In contrast, the second s-gram (cm
& density) provides a much more specific window with an average of just over
one year with very high positive skewness and kurtosis values. The reason for
this is that this s-gram represents phrase patterns that are very specific about a
particular feature that was observed in the patient. An example phrase that this
s-gram would represent is “2.5 cm area of asymmetric density”. Such specificity
by the radiologist suggests that the radiologist is very focused on this feature
and is likely to be concerned enough to request additional diagnostic screenings.
Consequently, the average time elapsed for this s-gram is much shorter and has
less variability. The data in Table 5 shows the usage frequency of the s-grams

Table 4. Precursor lead-time

S-gram Average Time Std Dev Skewness /
Elapsed (years) (years) Kurtosis

lymph & node 4.2 2.9 0.01 / -1.38
cm & density 1.1 2.2 2.63 / 6.91

nodular & density 2.9 2.9 0.68 / -0.64

shown in Table 3. In document text analysis, terms and phrases that are com-
monly used in a document set are not considered useful in characterizing the
content of a particular document. However, if a term or phrase is not commonly
used in a document set and a particular document has a high frequency of that
term or phrase, then it is considered significant to that document. In a similar
manner, the frequency of s-grams in Table 3 were computed over all of the pa-
tients (12,809 patients) and over the patients that were selected for analysis (123
patients). These frequencies, as well as the corresponding percent increase, are
shown in Table 5. As can be seen, most of the s-grams have percent increases
well over 100%. This is encouraging as it shows that these s-grams are highly
related to patients with abnormalities. If the percent increases had been much
below 100%, then this would indicate that these s-grams are very common, and
consequently, the value as a precursor would be diminished. However, the per-
cent increases and corresponding percent occurrence in selected patients shown
in the table suggest that these s-grams have high potential as precursors.



Table 5. Comparison of s-gram usage frequency

S-gram % Occurrence % Occurrence in % Increase in
in All Patients Selected Patients Occurrence

lymph & node 25.17 57.72 129.34
cm & density 5.50 19.51 254.51

nodular & density 31.39 84.55 169.35

Fig. 1. Example patient record with “lymph” & “node” as a precursor s-gram

Fig. 2. Example patient record with “cm” & “density” as a precursor s-gram

Fig. 3. Example patient record with “nodular” & “density” as a precursor s-gram



The figures show various patient records that were found using the approach
described here. Figure 1 shows the normal and abnormal s-gram counts of a
patient record found by this approach where “ lymph & node” was a precursor s-
gram. In one of the first reports in this record, a radiologist made particular note
of specific lymph nodes in this patient. This patient was ultimately diagnosed
with grade 1 infiltrating ductal carcinoma (i.e., breast cancer) with tubular dif-
ferentiation. Figure 2 shows the normal and abnormal s-gram counts of another
patient record found by this approach where “cm & density” was a precursor
s-gram. In the first report of this record, the radiologist states “There is a less
than 1 cm area of focal increased density seen only on the left craniocaudal view
in the lateral aspect of the left breast.” This patient was ultimately diagnosed
with “mild fibrocystic disease with radial scar and focal florid sclerosing adeno-
sis” in the right breast. Figure 3 shows the normal and abnormal s-gram counts
of another patient record found by this approach where “nodular & density”
was a precursor s-gram. In one of the first reports, the radiologist states “There
is prominent nodular density posteriorly and inferiorly in both breasts on the
mediolateral oblique views, left more than right.” This patient is ultimately di-
agnosed with a simple cyst. In that report, the radiologist states “Ultrasound
directed to the inferocentral left breast 6 o’clock position demonstrates a 1-cm
round, simple cyst.” In each of these examples, it should be noted that the pre-
cursor s-gram does not necessarily provide specific information concerning the
abnormality that is ultimately diagnosed. In the first two examples, the s-grams
are not related to the ultimate diagnosis. In the third example, the precursor
s-gram is related, but it cannot be conclusively determined that it is, in fact,
the exact same abnormality that is ultimately diagnosed. However, what the
precursor s-gram does provide is an early warning indication that the radiologist
noted some feature about the patient that seemed unusual, or was noteworthy.
The approach described here seeks to leverage that information, even if it does
not ultimately relate to the final diagnosis.

5 Conclusions

The initial objective of this work was to answer the following questions:

– Do certain phrase patterns exist that act as precursors to future abnormali-
ties in a patient?

– If so, how far in advance of the abnormality do they occur?

As can be seen in the results, phrase patterns do exist that act as precursors. In
addition, these precursors also hold the potential of providing lead times mea-
sured in years. This is potentially very significant, although additional work is
needed to investigate this possibility. In this work, there are several other posi-
tive outcomes. First, in the approach developed, abnormal reports are identified
based on s-grams related to diagnostic screenings, not based on specific types
of abnormalities. Consequently, the precursor s-grams provide a general warning
indication. Any form of early warning detection will provide various levels of



specificity. This preliminary work provides the initial level of warning. Second,
the results show that the precursor s-grams are used much more frequently in
patients with abnormalities in comparison to the entire set of patients. This is
significant in that it provides confidence that these precursor s-grams are, in
fact, related to abnormalities.
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