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Abstract—Medical guidelines have a significant role in the field

of evidence-based medical treatment. The content of a medical

guideline is based on a systematic review of clinical evidence

with instructions and recommendations that clinicians can refer

to. Most of the guidelines are available in an unstructured

text format. Hence, clinicians must take a considerable time

to search and find relevant recommendations in their semantic

context. Using Machine Learning algorithms, automatic infor-

mation extraction from medical guidelines has recently become

possible. We present a novel system for information extraction

and a fuzzy rule database developed for clinical guidelines. The

proposed system, dubbed NLP-FUZZY, combines capabilities

of Natural Language Processing (NLP) and Fuzzy Logic ap-

proaches. First, the NLP-FUZZY performs a semantic extraction

of medical guidelines using a bi-directional Long short-term

memory (LSTM). Subsequently, using the extracted semantic,

it creates fuzzy rules, which are able to recognize new cases

in a learning domain while predicting and extract the grade of

recommendation. In order to test the NLP-FUZZY system, we

compared its performance with state-of-the-art NLP approaches

for clinical information extraction.

Index Terms—Digitalization; Medical guidelines; Machine

learning; Natural Language Processing; Fuzzy Logic

I. INTRODUCTION

A medical guideline systematically makes recommendations
for doctors that provide the necessary tools to make deci-
sions in clinical situations [1]. Clinical practice guidelines
are defined as ”systematically developed statements to assist
practitioner and patient decisions about appropriate health care
for specific clinical circumstances” [2]. Fuzzy logic can be
used in different medical problems like image processing [3]
and automated prediction of diseases [4]. It is also widely
applicable in image processing and pattern recognition [5].
The main advantage of fuzzy rules is their representation
similar to natural language. Authors in [6] modelled the
uncertainty of clinical guidelines with a fuzzy logic. They
developed a fuzzy model derived from a clinical guideline for
the treatment of febrile seizures. In [7], researchers suggested
a fuzzy classification procedure to model uncertainty in the
context of a medical guideline for diagnosis and treatment
of hypertension. In [8], researchers considered fuzzy logic
and investigated multiple approaches for clinical guideline

knowledge extraction. In addition, NLP techniques have been
suggested to interpret and understand sentences [9], [10].
Many statistical methods were also introduced into this field
such as hidden Markov models for speech recognition [11]–
[13]. In [14], the authors present an information extraction
methodology for legal text. They combined a syntactic-based
rule extraction approach (Stanford Parser) with a logic-based
approach. In [15], [16], a new method is recommended for
text summaries, where a deep learning algorithms and fuzzy
logic were used to improve the efficiency of the generated
summary. The study [17], introduced a combination of Natural
Language Processing (NLP) and a fuzzy representation of
words, enabling an enhanced goal extraction in the context of
geolocation. In [18], the authors described a fuzzy logic-based
NLP method, which was applied to speech recognition. It was
able to predict the words failed to be recognized by speech
recognition. The researchers in a recent study integrated NLP
and fuzzy graphs to address contract ambiguity in the context
of the procurement process [19].

Clinical practice guidelines are available online, however
this does not sufficiently addresses the problem of clinicial
information management as most of the guidelines are only
available in an unstructured text format. Therefore, in this
work we present a novel NLP-FUZZY system prototype for
the semantic extraction and a fuzzy rule database of clinical
guidelines. Our NLP-FUZZY system prototype performs a
semantic extraction of a medical guideline using Bi-directional
Long short-term memory (bi-LSTM) in the first step. In the
second step, using the extracted semantic classes, the NLP-
FUZZY system creates fuzzy rules and a database that recog-
nizes a new case while predicting a priority of a recommen-
dation. Modeling and validation of the NLP-FUZZY system
approach is performed in Python, MATLAB and PostgreSQL.

The paper is organized as follows: In Section I, we describe
the medical guideline concept and the related problems for
clinicians to find relevant recommendations in their semantic
context. Furthermore, we review existing research studies on
different approaches of combination of NLP with FUZZY
logic. In Section II, we explain the methods used in our
framework along with the description of the proposed bi-



LSTM model in the NLP part and the fuzzy rule data base
used in this work. Section III proposes a novel NLP-FUZZY
system prototype, where we describe the NLP-FUZZY system
design architecture. We explain the design of the applied
user interface, containing several sub-systems. Section IV
illustrates the numerical results from training and testing error,
compared to other known tools and algorithms. The conclusion
is described in Section V.

Notation Bold capital letters correspond to matrices and
bold non-capital letters correspond to vectors respectively.

II. METHODOLOGY

A. Data preparation
Since there is no training data available for clinical practice

guidelines, manually tagged training sentences were used for
the first phase of our NLP-FUZZY approach [20]. All training
guidelines that we used in training data were found in the
web application of Medical Guideline Central [21]. In total,
1020 recommendations out of 45 guidelines were used in the
training process. As the task of the training is trying to estimate
the key information and the type of information, labelling
is a paramount step. We defined five different classes, as
proposed in [20]: actiontaker, symptom, action, purpose and
circumstance. In the second phase of our methodology, we
used the information from new 15 different guidelines [22],
[23]. Each guideline contained a set of recommendations (40
recommendations on average). For a neural network prepa-
ration, we use the pre-trained Word2Vec dictionary [24] that
focuses on bio-medical semantic indexing. The Word2Vec tool
processes large full texts and maps the words of the corpus to
vectors of a continuous space. All data and code are available
at https://gitlab.umwelt-campus.de/Lejla/nlp-fuzzy.

B. Neural Networks
Recurrent Neural Networks (RNNs) are popular models

for many NLP tasks. The idea behind RNNs is to make
use of sequential information. However, due to the vanishing
gradient problem, regular RNN are not able to store knowledge
over large time periods [25]. Long Short Term Memory
(LSTM) blocks were introduced in [26] to overcome long-
term problems of the RNN. The big advantage of an LSTM is
the memory, to collect and store state information [26], [27].
A very good introduction to LSTMs is presented in [34]. The
formulas are form the LSTM model [28].

Both LSTM and RNN can only get information from the
previous context so that further improvements are necessary
using a Bi-directional Recurrent Neural Network [29].

C. Mamdani Type Fuzzy Modeling
Fuzzy logic was first introduced by Zadeh in 1965 as an

extension of the Boolean logic [30]. Unlike classical logic,
which requires an exact modelling of a system, precise equa-
tions and numeric values, fuzzy logic uses a different type of
knowledge representation. It allows the modeling of complex
systems by a higher level of abstraction. This way of modelling
is very close to the establishment of human knowledge and

experience [31]. In the first step of a fuzzy system design, the
input-output variables are specified and the fuzzy sets and the
corresponding membership function are defined. Using fuzzy
conditional statements like ”If A Then B”, where A and B are
labels of fuzzy sets characterized by appropriate membership
functions, a fuzzy rule base system (FRBS) is formed. FRBS
are commonly used for identification, classification, and re-
gression tasks. We developed a fuzzy inference system using
the Mamdani type fuzzy inference technique. As explained
in [32], with the aid of a ”fuzzification interface”, ”the input
is mapped onto a set of fuzzy partitions”. These are mapped
to a single fuzzy partition using a predefined set of rules. The
rules originate from the rule basis. This fuzzy partition is then
passed to the de-fuzzification system, which in turn generates
the actual output. Figure 2 (Fig. 1) displays a block diagram

Fig. 1. Proposed Mamdani Fuzzy Inference System.

of our Mamdani Fuzzy Interface System.

III. NLP-FUZZY SYSTEM DESIGN

A. Step 1: Data Preparation

The first part of the NLP-FUZZY system (no.1 in Fig. 2)
includes the preprocessing of the medical guidelines and a
short introduction of the medical dictionary that will be used
for training. Combining python tools such as PDFminer, our
data preparation process was performed. As a result, extracted
recommendations from the guideline were: ”We recommend
that, in the resuscitation from sepsis-induced hypoperfusion,
at least 30 ml/kg of IV crystalloid fluid be given within the
first 3 hours”.

B. Step 2: Model Building

The second step (Fig. 2) represents steps of the model
building where we created a model and obtained initialization
parameters for the neural network. In this step, we created a
model in a sequential format and specified all other parameters
for our network. First, an embedding layer was added. In
the hidden layer, a Bi-directional LSTM was added with a
specific number of hidden units. To avoid over-fitting, after
some experiments, a dropout rate of 0.3 was used. In the
next step, a dense layer with the tanh activation function
was used. A model compiler was added with specifying the
optimizer (Adaptive Moment Estimation) and the loss function
(categorical crossentropy). After we created the model, the
training process should be proceeded. As an output result,
the semantic extraction in five classes was performed. For

https://gitlab.umwelt-campus.de/Lejla/nlp-fuzzy


Fig. 2. NLP-FUZZY system design

example, for above mentioned recommendation, we will get
as results:

”We (0) recommend (0) that (0), in (5) the (5) resuscitation
(5) from (5) sepsis-induced (5) hypoperfusion (5), at (3) least
(3) 30 (3) ml (3) / (3) kg (3) of (3) iv (3) crystalloid (3) fluid
(3) be (3) given (3) within (3) the (3) first (3) 3 (3) hours (3).”

where numbers in parenthesis represents membership of
the each word from recommendation to different class (0-
not defined, actiontaker (AC)= 1, symptom (S)= 2, action
(A)= 3,purpose (P)= 4 and circumstances (C) =5). The same
process was repeated for all other recommendations.

C. Step 3: FUZZY Classification

In the next step, using the extracted semantic classes, the
NLP-FUZZY system created fuzzy rules and was consequently
able to recognize recommendations and also predicts their
respective grade of recommendation (strength of recommenda-
tions: low, medium, high) (no. 3 in Fig. 2). In a standard fuzzy
approach, each fuzzy set corresponds to a linguistic value, as
an example: low, average, high, very high, etc. In the reasoning
process, the variables are related to the defined linguistic
terms. Usually the numbers at the input of the fuzzy system
are translated to linguistic variables. In our approach, the input
consisted of parts of the sentence, extracted in 5 different
classes in the first NLP model phase. To define the fuzzy sets
and the corresponding membership functions, we developed
an algorithm to create four different pools for each class,
depending on the degree of membership of each input (AC,
S, A, P and C) to output (GoR - grade of recommendation).
In order to reduce the number of evaluated rules, GoR was
classified into 3 categories (low, middle, high) and then for
each one of the classes, an Mamdani inference model was

implemented separately. The final output of the system is the
accumulation of the maximum of such groups. For all classes
from the training data set, 15 different pools of words are
created (3 per class associated with GoR). For each word in a
class, we calculated the membership to pools as a number of
how many times that word exist in the corresponding pools.
The same process was repeated for all other classes. In this
step, the translation of words to numbers was performed.
Finally, after the deletion of rule duplicates, there were a total
of 125 successfully obtained fuzzy rules in the fuzzy rules
database.

For the mentioned recommendation, one can see that part
of ”at least 30 ml /kg of iv crystalloid fluid be given within
the first 3 hours” belongs to the class Action, so for each
separated word from this class, the membership to pool1 (low),
pool2 (middle), pool3 (high) is calculated. These pools are
determined by the training data set. We used 1020 labeled
recommendations to train these pools. The same process is
done for class Purpose (P). In this example, classes AC, S
and C are empty. For the class Action, we got for pool1 4
and for pool2 5. For pool3 we have 0 because no word exists
in pool3. Similarly, the calculation was done for class P. At
the end, as final result, the pool with the largest number was
taken. It is also possible that we have an empty class (in our
case only AC and P are recognized) and 0 are calculated for
this class. Finally, the memberships of all words from class
to one pool were collected together to get a final membership
number to each pool by class. As the final result for each class,
the maximum number that signifies affiliation was taken for
the next phase of rule creation. In our example, for class A
as result, the second pool was taken, so in the rule database
it represents number 2. The affiliation of all elements - words



from all classes in relation to pools were summed together. As
final result, we got for the example a form of rule (0, 0, 2, 0, 2)
that exist in our database and represent high GoR. We used
triangular MFs and their ranges for the input and output
variables.

µkj(GoR) =

8
>>>><

>>>>:

0, GoR  akj ,
(GoR�akj)
(b�akj)

, akj  GoR  bkj ,
(ckj�GoR)
(ckj�bkj)

, bkj  GoR  ckj ,

0, ckj  GoR

(1)

where k = 1, j = 1, 2, 3, GoR represents grade of recom-
mendation and µk,j represents j-th output MF. Parameters
akj , bkj , ckj represent the shapes of the output MF. In the first
step, the input values were converted to the membership val-
ues. After that, we applied the minimum operator to compute
the weighting factor. The weighting factor for n = (1, ..125)
is represented by:

!n = min(µi,j(AC), µi,j(S), µi,j(A), µi,j(P ), µi,j(C)).
(2)

where µi,j stands for the j-th MF of i-th input. The implication
was performed using minimum operator as follows:

µimpl, n = min
(n)

(!n, Rn), n = 1, ..125. (3)

where Rn represented the output of the n-th rule. Aggregation
was performed using the union (maximum) operator repre-
sented by:

µout(n) = max
(n)

(µimpl, n), n = 1, ..125. (4)

In this model, as de-fuzzification technique, the COA method
was used to convert the fuzzy output to a crisp number.
We implemented the fuzzy rule database in MATLAB. The
fuzzy rule viewer for validation data is shown in Fig. 3. The
interaction effect for Condition and Action is shown in Fig. 4.
For the validation process, we used 15 different guidelines for
the validation data set [22], [23]. Each guideline contains a
set of recommendations, 50 recommendations on average. A
validation data set is used in the NLP-FUZZY model and each
recommendation is classified by GoR.

D. Step 4: Graphical User Interface
A user-friendly graphical user interface was developed for

doctors to facilitate easy search and extract relevant recom-
mendations in their semantic context. The fourth part of the
system (no. 4 in Fig. 2) represents concept how a doctor can
access the data.

IV. TESTING AND RESULTS

F1 scores are calculated for testing the performance of
the model (see Table I). Calculation of the F1-score of the
classifier shows above average results considering a limited
number of training data samples.

According to the classifier training, the F1-score is 0.88 in
the first phase of the NLP-FUZZY approach. The validation

Fig. 3. Fuzzy rule viewer- NLP-FUZZY system

Fig. 4. Input-output surface NLP-FUZZY system

accuracy is shown in Fig. 5. After 3 epochs, the validation
accuracy started to be lower than the training accuracy. The
training accuracy increase. Validation accuracy decreases after
6 epochs. That means that the training started to overfit and
needed to be stopped.

Table II represents our results compared to other research
models. In the second phase, the F1- score is 0.97 for
the prediction of the grade of recommendation. Only one
recommendation from the validation data set was not properly
predicted (Fig. 6).

V. DISCUSSION AND CONCLUSION

Our NLP-FUZZY system prototype allows the classification
of recommendations by semantic meaning and prediction of
the recommendation grade. One of the weaknesses is that
the fuzzy rules in the NLP-FUZZY model are constructed
based on training data, so the system is potentially biased
to our selection of training data. The rules could also create



TABLE I
F1-SCORE NLP-FUZZY VS. LSTM

Class NLP-FUZZY LSTM

Precision Recall f1-score LSTM f1-score
AC 0.97 0.71 0.82 0.33
S 0.90 0.86 0.88 0.73
A 0.81 0.82 0.81 0.72
P 0.72 0.77 0.74 0.55
C 0.62 0.61 0.62 0.48

GoR 0.98 0.95 0.97 –

TABLE II
F1-SCORE NLP-FUZZY VS. LSTM

Approach Precision % Recall% f1%

NLP-Fuzzy 83,5 78.6 80.6
Research [14] 78.5 62.5 68.76
Research [33] - - 66

Fig. 5. Accuracy - NLP-FUZZY system prototype

Fig. 6. Real vs. predicted GoR of recommendation

a false relation between irrelevant input variables and output
variables. In order to overcome this problem, we developed
a learning algorithm that is varied and accurate enough to
represent all typical cases. Every new recommendation that
comes in the NLP-FUZZY model is classified by the NLP
in the first phase. In the second phase, new words from
recommendations are always used to update the pool of words,
which reduces the possibility of having some inputs that
represents a situation which can not be detected by for our
model. For increasing the model accuracy, some additional
methods need to be considered, such as adding the parsing
information that directly conveys the structure of the sentence
into the neural network. The proposed NLP-FUZZY system
prototype combines NLP, NN and FUZZY capabilities. Its
aim is to build an inquiry system offering the clinicians
the most relevant recommendations and instructions, e.g.,
for patients with specific diseases. The total classification
accuracy of the NLP-FUZZY system prototype is better than
in other suggested LSTM and CRF models. The proposed
model has the potential to be used in the process of semantic
information extraction and the prediction of the priority of the
recommendation. Based on semantic search results, clinicians
can then extract recommendations from different guidelines
sorted by its grade.
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