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Abstract We defined tolerance range as the distance of
observing similar disease conditions or functional status from the
upper to the lower boundaries of a specified time interval. A
tolerance range was identified for linear regression and support
vector machines to optimize the improvement rate (defined as IR)
on accuracy in predicting mortality risk in patients with chronic
obstructive pulmonary disease using clinical notes. The corpus
includes pulmonary, cardiology, and radiology reports of 15,500
patients who died between 2011 and 2017. Their performance was
compared against a long short-term memory recurrent neural
network. The results demonstrate an overall improvement by
those basic machine learning approaches after considering an
optimal tolerance range: the average IR of linear regression was
90.1% and the maximum IR of support vector machines was
66.2%. There was a similitude between the time segments
produced by our tolerance algorithms and those produced by the
long short-term memory.
Index Terms – “pulmonary disease, chronic obstructive,”
disease progression, machine learning, neural networks, palliative
care

I. INTRODUCTION
Chronic obstructive pulmonary disease (COPD) is the third
leading cause of mortality in the United States, affecting an
estimated 14.7 million diagnosed patients [1]. The quality of
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life of patients with COPD deteriorates as the disease
progresses. Mild COPD symptoms include shortness of breath,
chronic cough, and fatigue; whereas severe COPD can result in
death, mostly due to respiratory failure, heart failure,
pulmonary infection, and pulmonary embolism [2-3].
Unfortunately, there is currently no cure for COPD.
Clinical notes capture important details about disease
progression that cannot be found elsewhere in patients’
electronic health records, however they present challenges in
accessibility to medical researchers. These challenges have
motivated the development of disease progression modeling
methods [4-10]. Most of these methods utilize multiple hidden
layers, referred to as “deep” neural networks, to seek patient
groups with similar disease progression pathways in the
investigation of a complex disease [11]. We modified a
standard long short-term memory (LSTM) by adding a flatten
and dense layer, and it showed gratifying results for learning
irregular time lapse segments when incorporating disease
conditions mentioned in the clinical notes [12]. Although the
results are promising, this deep learning models are without a
doubt, complicated. We envision that a data-driven approach
may help optimize less complex machine learning models such
as linear regression (LR) and support vector machines (SVMs).
Mining and analyzing a large volume of notes requires the
development of computational methods that are able to: (a)
derive summarized clinical information relevant to the disease,
and/or (b) define a time lapse for each disease stage. These two
tasks are complementary and mutually reinforcing [4, 13-14].
Combining the two tasks together, our goal is to develop a
general-purpose method for machine learning models, which
can optimally learn the time to progression prior to death in
patients with COPD using free-text clinical documents.
Determining the optimal duration for each time window in a
patient population corresponding to a COPD progression stage
is the root issue of this study. Disjoint time windows are often
used in temporal segmentation methods to map a specific
clinical document to a COPD stage. However, a preset disjoint
time window might be biased by human intervention. For
example, using a more extended time window (e.g., 360 days)
may be problematic as the data within that window may fall
within multiple different stages of COPD.
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II. MATERIALS AND METHODS
We propose a formula based on a specific preset time
window for calculating an optimal tolerance range using
clinical notes. Our study design is shown in Fig. 1.
A. Setting and corpus
We retrieved 3,001,350 free-text clinical documents
corresponding to 15,500 unique patients from the Research
Patient Data Registry at Partners Healthcare, an integrated
healthcare delivery network located in the Greater Boston area
of Massachusetts. Inclusion criteria were: (a) date of death
between 2011 and 2017 recorded in Massachusetts Death
Certificate files, (b) the patient received care at any Partners
Healthcare facility between 2011 and 2017, with (c) at least one
COPD diagnosis code was recorded in the EHR. The list of
COPD diagnosis codes include International Classification of
Diseases (ICD)-9-CM: 490, 491.*, 492.*, 496 and ICD-10-CM:
J40, J41.*, J42, J43.*, J44.*. This study was approved by
Partners Institutional Review Board (IRB).
Each extracted document contains a header listing
information related to patient_num (patient ID), NoteType (i.e.,
pulmonary notes, cardiology reports, and radiology reports),
and CreateLocalDTs (generate time). We constructed a total of
four corpora. Clinical notes from each domain or all three
domains were merged into a single corpus using a heuristic
merger that inserts notes from each domain into the appropriate
chronological place in the corpus (see in Appendix Table I,
physician interpretation from pulmonary notes, findings from
radiology reports, and abnormal ECG from cardiology reports).
Such a chronological order results and allows one to predict
patient time of patient death. This resulted in each sample is
equivalent to a text file containing one-day clinical notes from
a domain or all three domains.
B. Optimal enlargement of a preset time window
One potential approach to fix the human bias issue is to
consider a permissible tolerance range that could enlarge the
preset window appropriately utilizing the data.
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Definition 1 (Tolerance Range). Tolerance range, we call ∆win,
is defined as the distance (or range) from the upper and lower
boundaries of an interval.
In the case of COPD, ∆win is defined as the distance of
observing similar COPD conditions or functional status from
the upper to the lower boundaries of a specified time interval
(or a n-day window).
Definition 2 (Global Tolerance Range). The global tolerance
range, global ∆win, is based on a “dictionary” learned from the
corpus. Each dictionary entry is defined as [frequency,
duration], in which the duration is the absolute difference
between the generated time of a specific clinical note and the
patient’s death date, and the frequency is the sum of the number
of notes across the same duration.
Definition 3 (Optimal Tolerance Range). Given a preset n-day
window as a time interval (e.g., 0-30 days, or 31-60 days, etc.),
the optimized tolerance range (optimal ∆win) is:
∆𝑤𝑖𝑛 = 𝜎 (

𝑒 𝑍 −𝑒 −𝑍
𝑒 𝑍 +𝑒 −𝑍

) ∙ 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙

(1)

where σ permits a manually specified value, 𝑍 =
average(𝑠𝑖𝑧𝑒)⁄
𝑠𝑖𝑧𝑒 , in which 𝑠𝑖𝑧𝑒 is the number of notes
within a preset n-day window and average(size) is the total
number of notes divided by the total number of preset windows.
Optimal ∆win can be also rewritten as 𝜎 ∙ tanh(𝑍) ∙
𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙. The reason we use the tanh function is that its output
range is from -1 to 1. The tanh(𝑍) ∙ 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 maps the relative
size of text (i.e., the reciprocal of Z) to the [0 ∗ 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙, 1 ∗
𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙] output range because the scale of the horizontal axis
is greater than or equals to zero. The 𝜎 ∙ (tanh(𝑧) ∙ 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙)
modifies the time interval based on different values of
parameter σ = {0, 1, 2, 3, ⋯}. Note that parameter σ = 0 means
that there is no tolerance range.
Thus, Z is proportional to ∆win and inversely proportional to
the relative size of texts in a specific time window: when the
relative size → 0, then Z → +∞, ∆win → σ ∙interval; when the
relative size → +∞, then Z → 0, ∆win → 0. Since interval is
fixed by the tolerance range, it must have a blurred border in
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Fig. 1. Overview of the Study Design. Note that COPD is chronic obstructive pulmonary disease and LSTM is long short-term memory.
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Fig. 2. An illustration of how the optimal ∆win works for each time window and for the timeline of disease progression.
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[𝑙𝑜𝑤𝑒𝑟 𝑏𝑜𝑢𝑛𝑑 − ∆𝑤𝑖𝑛, 𝑢𝑝𝑝𝑒𝑟 𝑏𝑜𝑢𝑛𝑑 +
2

∆𝑤𝑖𝑛].

Each ∆win for a given time segment (e.g., 0-30 days, or 3160 days, etc.) might have a different value, which affects its
adjacent segments on the timeline of disease progression (Fig.
2). On each of the four corpora, we specify four preset time
windows as 30-day, 90-day, 180-day, and 360-day,
respectively.
C. Simple models performance with a tolerance range
To demonstrate that a simple model can perform well by
considering a tolerance range, we employ two common
machine learning models: linear regression (LR) and support
vector machines (SVMs). The reason we use linear regression
instead of logistic regression is that the former covers more
broadly applications, and the latter is a special type of linear
regression. LR attempts to model the relationship between two
variables that is dichotomous by finding a linear equation to
observed data. For our purpose, LR is used to determine
whether the output belongs to a specified time segment or not.
An SVM outputs an optimal hyperplane that categorizes testing
data. For example, the hyperplane in a two-dimensional space
is a line dividing a plane into two parts wherein each class lay
on either side. In our experiment, the SVM is used to obtain
multiple optimal ∆wins produced by all the clinical notes within
a specified preset time window.
We utilized cross-validation techniques as follows: we split
the clinical notes in each corpus into multiple (i.e., 48 Z’s)
training/testing sets using a fixed ratio (i.e., 2%; specifically,
every 2% interval between 2% and 98%, inclusive). For each
given clinical note, accuracy was calculated as follows: if the
absolute difference between the predicted death from SVM or
LR and the actual death date is within the ideal ∆win (i.e., global
tolerance range), set the accuracy to 1; if not, set the accuracy
to 0. For each corpus, we compared the maximum (mean)
accuracy and the maximum (σ) accuracy where σ = {1,2,3} for

48 Z’s for each corpus. We first calculate the accuracy of the
optimal training/testing set among the 48 Z’s for each σ (i.e., σ
= {1,2,3}, this returns the temporary set {max over the 48 Z’s
when σ = 1, max over the 48 Z’s when σ = 2, max over the 48
Z’s when σ = 3}, and then apply the function (i.e., sigma = max,
mean) to get our value of interest. For example, if σ = {1,2,3}
and the temporary set returns {50%, 75%, 85%} then maximum
(σ) would be 85% and maximum(mean) would be
(50%+75%+85%) ÷3 = 70%.
Based on maximum accuracy in every corpus, we selected
the best performing accuracy from which to calculate the
optimal ∆win for each experiment. So, for a specified preset
time window on each corpus, the best regular time segments
can be set up as a preset time window plus the optimal ∆win.
D. Evaluation
We invited a panel of subject matter experts (n=4) consisting
of 3 physicians (including one of the authors of this article) to
assist with the evaluation two conducted experiments.
• Experiment 1: Accuracy by comparing with or without
tolerance
To evaluate the tolerance range, we used LR and SVMs to
calculate accuracy using cross-validation. On each of the four
corpora, we calculated their improvement rates (IR) by the
formula as follows for each tolerance range.
𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦𝜎 −𝐵𝑒𝑛𝑐ℎ𝑚𝑎𝑟𝑘 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦
𝐼𝑅 =
(2)
𝐵𝑒𝑛𝑐ℎ𝑚𝑎𝑟𝑘 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦

•

Experiment 2: Using a deep learning baseline for
comparison on time segment generation
Previously, we developed a four-layer deep learning model
using LSTM to adjust time interval settings and to capture an
irregular time lapse segments [12]. The components of the
model include (a) a pre-processing and word embedding layer
to prepare the data, (b) an LSTM layer to predict death date, and
(c) a flatten and dense layer combination to capture the irregular
time lapse of segments. We used this LSTM-based deep
learning model as an existing baseline for comparison against
our tolerance range method.
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TABLE II
THE AVERAGE IMPROVEMENT RATE FOR EACH VALUE OF Σ ON FOUR CORPORA
Support Vector Machine

Linear Regression

σ=0

IRσ=1

IRσ=2

IRσ=3

σ=0

IRσ=1

IRσ=2

IRσ=3

Pulmonary notes

11.9%

0

0

5.7%

0.2%

19.3%

148.7%

192.1%

Radiology reports

17.6%

0

7.4%

42.0%

0.1%

0

25.0%

70.1%

Cardiology reports

14.0%

0

0

49.2%

0.1%

47.8%

130.1%

194.7%

Merged notes

18.5%

0

5.8%

66.2%

0.3%

20.5%

92.0%

141.0%

Note that the benchmark accuracy uses SVM σ=0 (see the highlighted row).
TABLE IV
COMPARISON OF OPTIMAL TOLERANCE RANGE
Time-Window
Length

Support Vector Machine
σ=1

σ=2

Linear Regression
σ=3

σ=1

σ=2

30 days
6.2
12.4
18.6
14.8
26.5
90 days
22.1
44.3
66.4
40.8
77.4
180 days
34.0
67.9
101.9
77.3
154.5
360 days
41.2
82.5
123.7
143.9
299.6
30 days
15.0
30.0
45.0
14.1
28.1
Radiology reports
90 days
22.6
45.1
91.9
40.7
81.9
180 days
51.6
104.1
165.6
82.5
161.0
360 days
116.3
279.5
429.9
136.7
270.1
30 days
13.5
27.0
42.2
13.4
26.5
Cardiology reports
90 days
41.1
85.1
130.0
40.6
82.0
180 days
77.8
155.7
253.1
80.2
157.1
360 days
154.9
317.5
488.9
154.5
315.6
30 days
9.5
18.9
31.0
13.8
28.7
Merged notes
90 days
25.2
50.3
96.5
43.5
85.6
180 days
65.1
130.1
217.7
82.2
159.8
Note that optimal ∆win length under different values of σ using maximum(σ) accuracy, in which highlighted “40.7” (located in
optimal ∆win for the pulmonary notes.
Pulmonary notes

III. RESULTS
A. Influence of parameter value
Using cross-validation on four corpora, we calculated the
average improvement rate on different values of σ
corresponding to the two models (i.e., LR and SVM) as shown
in Table II. Of these, SVM’s results were utilized as the
benchmark accuracy because LR’s accuracy is close to 0 when
σ = 0 but increases when σ changes.
We found that, tuning the parameter σ may be used to
improve accuracy, with σ = 0 serving as no tolerance range. For
example (see detailed information in Appendix Table III), on
only pulmonary notes using a tolerance range of σ = 0 (i.e., IR
is 210.3%), the maximum accuracy without a tolerance range
for 360 days is about 20%, which increased to 63.0% (i.e.,
20.3%×(1+210.3%) = 63.0%) using a tolerance range of σ = 3.
Another example is, on merged notes using a tolerance range of
σ = 3 (i.e., average IR is 103.6%), our approach achieved a max
of 83.3% and an average of 74.0% accuracy on the testing set
in predicting the individual patient’s death within the next 360
days.
B. Optimal ∆win length calculation
Table II also indicates that the maximum (σ) performed better
than maximum (mean) as changes in accuracy were less erratic

σ=3
40.7
116.6
228.9
442.4
42.1
120.4
239.3
426.2
39.8
122.1
239.0
469.2
41.1
123.9
236.0
LR’s σ=3) is the best

as the preset time window length increased.
After having chosen 40 days (i.e., the best optimal ∆win =
40.7 for linear regression at a 30-day preset time window from
the pulmonary notes corpus where parameter σ =3) as the length
of optimal ∆win, we obtained an enlarged time window of 70
days (Table IV).
Thus, a sequence of the most recent regular time segments
prior to death is {[0, 70], [71,140], [141, 280], [281, 350], …}.
Note that choosing LR’s σ=2 is also acceptable but not optimal.
Table V shows two time segments [140, 210] and [211, 270]
corresponding to the tolerance range which are effectively
equivalent to the [145, 270] time segment of the LSTM [12, 21].
TABLE V
COMPARISON OF TIME SEGMENTS
Annotated
COPD
Stage

Linear Regression with
Tolerance (σ=3)

Long Short-Term Memory

IV
[0, 70]
[0, 65]
III
[71, 140]
[55, 150]
II-2
[141, 210]
[145, 270]
II-1
[211, 280]
II-1
[281, 350]
[262, 360]
II-2
[351, 420]
[337, 484]
II-1
[421, 490]
[450, 552]
II-1
[491, 560]
I
[561, 630]
[449, 630]
Note that two highlighted rows indicate, the results produced by the two
methods are inconsistent. COPD = Chronic Obstructive Pulmonary Disease.
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IV. DISCUSSION
In this study, we devised a formula of the optimal ∆win for
finding time segments using simple machine learning
algorithms (e.g., linear regression and support vector
machines). By considering a tolerance range, the performance
of both LR and SVM was improved in terms of accuracy. LR
achieved an average IR of 90.1% in predicting the individual
patient’s death within a specified time. Although lacking
stability, SVM had a maximum IR of 66.2% on accuracy
prediction. Using a tolerance range also can address the
problem of human bias in setting a preset time window. We
found that setting parameter σ to 2 or 3 is suitable to get an
optimized enlarged time window in our COPD dataset. We
identified that longer preset time windows (e.g., 180 or 360
days) might have a clinical significance; for example, obtaining
the 1-year relative survival rate for a patient with at least 80%
accuracy from a single clinical document.
We achieved very similar results (Table V) to the LSTM
method that we previously proposed [9]. Specifically, the most
recent nine regular time segments prior to death date are
basically in line with the results from the first seven irregular
time segments generated by the LSTM. The only inconsistent
result was the time segment [145, 270] produced by the LSTM
which combined two different COPD substages: II-2 [140, 210]
and II-1 [211,280].
Our approach focused on finding the right combination of
time and free-text to be able to elicit important information
regarding progression stage or timing and to establish the
feasibility and usefulness of this approach. Future telemedicine
workflows, patient diaries, and monitoring devices may be
capable of capturing additional relevant clinical data between
clinic visits. These prognostic models and guideline
suggestions should be retroactively validated using a large
external cohort and then prospectively validated prior to
widespread clinical implementation. Our approach may be
generalizable to other clinical use cases reliant on free-text
longitudinal data (particularly with irregular temporal
segments).
Clinician decision making for terminal COPD patients in the
palliative and hospice care settings could benefit from our
approach. The deterioration of patients’ quality of life in the end
stages of COPD occurs due to a lack of physical, social, and
emotional functioning (e.g., extreme dyspnea, shortness of
breath, anxiety, depression) [15]. Optimizing patients’ quality
of life for their desired care can be accomplished through
appropriate palliative and hospice care rather than through
aggressive treatments that over-estimate prognoses and/or that
aren’t efficacious [16]. Utilization of our algorithm as a
decision aid may help reduce physician over-estimates of
prognosis and assist in recommending appropriate palliative or
hospice care.
A. Limitation
One limitation was that our study is based on the clinical
notes from a single organization that were written using a single
language – English, thus, the results may not be generalizable
to other institutions, languages, or care settings. Another
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disadvantage is related to our retrospective cohort design that
our data may be incomplete or inadequately captured in the
EHR and may not reflect current clinical workflows or meet
current documentation standards [17]. Knowledge about COPD
can change over time. The clinical progression of the disease
discovered in the present study may not reflect the patterns in
patients who took advantage of new clinical advances. Further
adaptation of the algorithms on new data is necessary in
identifying the disease progression patterns after the
introduction of new treatments.
V. CONCLUSION
The main findings of this study were that it is feasible to use
the optimal tolerance range as a general baseline to deep
learning approaches. The tolerance range effectively addresses
the problem of human bias with preset time windows and
applies the refined time segments to classify and track disease
progression.
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APPENDIX
See Table I and IV.

TABLE I
REAL-WORLD CHRONIC OBSTRUCTIVE PULMONARY DISEASE CORPUS DESCRIPTION
Summary

Example

Total
number

Unique
Patient

Average time
span of patient
(days)

Section
Name

Section Text

Pulmonary notes

78,489

2,431

724.4

Physician
Interpretation

FEV1, FVC, and FEV1/FVC are reduced. TLC is normal. FRC
is increased. RV is increased. RV/TLC ratio is increased.
Single breath diffusion capacity is reduced. DL/VA is reduced.
These data demonstrate a very severe (FEV1 <35 of predicted)
obstructive ventilatory deficit, with gas trapping and mild
hyperinflation, that is worse (17 decline in FEV1) since
[DATE].

Radiology reports
(chest X-ray)

1,893,498

13,414

843.8

Findings

Comparison was made to prior study of [DATE]. The
cardiomediastinal silhouette is stable with tortuous aorta. No
confluent opacities to suggest pneumonia. There is no pleural
effusion or pneumothorax. Wedge compression deformity of
upper thoracic vertebra is present.

Impression

No acute cardiopulmonary process.

Abnormal
ECG

When compared with ECG of [DATE], (unconfirmed)
Junctional rhythm has replaced Sinus rhythm.

Cardiology Reports

1,029,363

13,918

2,459

Note that we set up a total of 4 datasets (i.e., pulmonary notes, radiology reports, cardiology reports, and their merger).
TABLE IV
ACCURACY ON FOUR DATASETS
Support Vector Machine

Linear Regression

σ=0

σ=1

σ=2

σ=3

σ=0

σ=1

σ=2

σ=3

30 days

5.5%

5.5%

5.5%

5.5%

0.0%

4.1%

5.5%

6.8%

90 days

10.8%

10.8%

10.8%

13.5%

0.7%

11.6%

19.9%

28.1%

180 days

10.8%

10.8%

10.8%

10.8%

0.0%

18.9%

40.5%

40.5%

360 days

20.3%

20.3%

20.3%

20.3%

0.0%

21.9%

52.1%

63.0%

30 days

12.4%

12.4%

12.4%

14.4%

0.0%

3.4%

4.8%

6.6%

90 days

9.3%

9.3%

9.3%

17.6%

0.0%

11.9%

19.3%

28.4%

180 days

13.8%

13.8%

13.8%

18.6%

0.5%

13.9%

24.9%

35.5%

360 days

34.7%

34.7%

44.9%

49.0%

0.0%

26.5%

38.8%

49.0%

30 days

8.7%

8.7%

8.7%

13.0%

0.3%

3.9%

7.7%

11.3%

90 days

7.3%

7.3%

7.3%

9.7%

0.0%

11.0%

20.3%

29.9%

180 days

16.7%

16.7%

16.7%

27.1%

0.0%

25.5%

38.3%

48.9%

360 days

23.4%

23.4%

23.4%

34.0%

0.0%

42.6%

63.0%

75.3%

30 days

8.3%

8.3%

8.3%

14.6%

0.3%

4.5%

7.3%

9.1%

90 days

15.4%

15.4%

16.1%

23.1%

0.0%

13.5%

27.1%

38.5%

180 days

16.8%

16.8%

16.8%

20.4%

1.0%

22.9%

36.5%

46.9%

360 days
33.3%
33.3%
39.6%
64.6%
0.0%
Note that each dataset with different preset time windows is changed by the value of parameter σ.

47.9%

70.8%

83.3%

Pulmonary notes

Radiology reports

Cardiology reports

Merged notes
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