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Abstract. The number of available digital texts grows exponentially cre-
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described in this paper is a rule based system that automatically identifies 
framing functions present in news. The proposed system identifies the 
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role of each word enabling an automated detection of framing functions 
using sentiment analysis.
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Introduction

The use of computational linguistics in the social sciences represents new re-
search opportunities in today’s digital age. Vast amounts of texts available in 
both online databases and user created content are rich sources of data that can 
be examined. Framing analysis is a popular methodology used in social science to 
analyze the content of textual data and is usually performed manually. The costs 
involved when examining large amounts of data in addition to the training of cod-
ers represent some of the limitations of such an approach. Current methods for 
automated frame analysis include the use of word clustering for the identification 
of framing in text. Word clustering approaches have their limitations as words 
that embody the meaning of the news articles might not be present. Taking into 
account the limitations of word clustering, the aim of this article is to describe a 
rule based system that automatically identifies framing in news articles. In order 
to automatically identify framing the system first transforms the input text into 
semantic roles and then applies an automated sentiment analysis. The system for 
automated framing function identification presented in this article is composed of 
the following four modules:

1. Parsing module; determines the morphological and syntactical category of 
each word of the input text. 

2. Semantic network module; determines the semantic roles of each word of the 
input text. 

3. Sentiment analysis module; assigns a positive or negative valence to the 
words of the input text representing semantic roles.

4. Framing function module; combines the information provided by the previ-
ous modules and automatically determines which sentences of the input text 
contain Robert Entman’s framing functions.

The attempt to automatically identify framing functions in news article text is 
a work in progress inspired by the works of Bjorn Burscher and Wouter van At-
teveldt. The method proposed is a novel approach that combines automatic sen-
timent analysis implicature rules developed by Lingjia Deng and Janyce Wiebe 
with Charles Fillmore’s semantic roles. The system first transforms the input text 
into semantic roles and then applies sentiment analysis in order to automatically 
identify Robert Entman’s framing functions in text.

Theoretical framework

The approach to framing analysis utilized by the system described in this arti-
cle is based on Entman’s definition of framing which states: “Frames, then, define 
problems – determine what a causal agent is doing with what costs and benefits, 
usually measured in terms of common cultural values, diagnose causes – identify 
the forces creating the problem; make moral judgments – evaluate causal agents 
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and their effects; and suggest remedies – offer and justify treatments for the prob-
lems and predict their likely effects.” (Entman 1993, 52).

Frames are selective points of view on topics or events and are considered to be 
cognitive structures residing in the minds of news media journalists. These cogni-
tive structures serve the interpretive function in the process of selection and pres-
entation of news (Balaban, Abrudan, & Magyari 2009, 20).

In order to operationalize Entman’s definition of frames and to analyze the 
points of view of authors present in news media text, the system must begin with 
the syntactical information of the word of the input text. Software known as a 
parser enables the system to analyze the grammatical information of the input 
text. In order to integrate the different modules, the system uses Microsoft Visual 
FoxPro (VFP) a database management system and programming language. 

1. Parsing Module

In computational linguistics, a parser is a program that provides an automatic 
syntactic analysis of input text. The system uses TurboParser (Martins et al. 2010) 
developed by the computational linguistics research group ARK at Carnegie Mel-
lon University. TurboParser provides the morphological and syntactical informa-
tion of each word of an input sentence in the form of Part-of-speech tags. The syn-
tactical and morphological information provided by TurboParser is used by the 
system to automatically identify the case grammar roles in the parsed sentences 
of news article text via the application of a set of rules discussed in the following 
sections.

The following sentence is automatically parsed by TurboParser, and will be 
used throughout the article as the reference example for the automated system: 
“President Trump opposes reform because reform could maintain soaring health care costs, 
and allow private insurance companies overcharging patients.”

TurboParser can identify word relation by using index and pointer numbers. 
The Index column indicates the word order of the sentence, the Pos2 and Pos3 
columns identify the parts of speech, and the Dprep column indicates the syntac-
tic function of the word. For a detailed explanation of the abbreviations used see 
Appendix 2. The numbers of the index and pointer columns establish how words 
are related. This relation is known as the index-pointer chain. In the example sen-
tence, the word “President” at index no. 1 has pointer no. 2, which corresponds to 
index no. 2 of the word “Trump.” Pointer no. 2, determines the word relationship 
between “President” and “Trump.” The morphological and syntactical informa-
tion provided by the parser allows the system to assign Fillmore’s case grammar 
role to the words of the input text. The following section will describe how case 
grammar roles are assigned by the system. 
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Figure 1. Incorporated TurboParser output of the reference example sentence:

2. Semantic network module

According to the linguist Charles Fillmore, the meaning of a sentence is given 
by the role played by words in the action expressed by a verb. In his influential 
work “A Case for Case” Fillmore explains that each verb has a number of deep 
cases or roles (Fillmore 1968). For example, the verb “cut” in English requires an 
AGENT, an OBJECT, and an INSTRUMENT. In the sentence “The lumberjack cut 
the tree with an ax,” the “lumberjack” is the AGENT, “cut” is the ACTION or 
EVENT, “the tree” is the OBJECT, “the ax” is the INSTRUMENT. 

Fillmore’s approach towards case grammar has influenced contemporary lin-
guistics, including research into automated methods of frame analysis. FrameNet 
is a computer system implementing some of Fillmore’s ideas. According to the 
developers “The FrameNet project is building a lexical database of English that is 
both human- and machine-readable, based on annotating examples of how words 
are used in actual texts.” (FrameNet 2014). For researchers developing automated 
frame analysis systems, FrameNet “...contains lexical entries for specific verbs and 
other actions words, listing their possible meanings and the role of various possi-
ble syntactic arguments.” (Van Atteveldt, Sheafer, & Shenhav 2016, 12).
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2.1 Identifying AGENTS

The system uses a set of rules in order to identify the semantic roles in the 
parsed input text. For example, the system will assign the semantic role of AGENT 
to a word parsed morphologically as a noun and syntactically as subject. Shown 
in Figure 1, the word “reform” at index no. 6 has been parsed morphologically as 
a “NN” (noun) according to the Pos2 column, and syntactically as “nsubj” (noun 
subject) as indicated by the Dprep column. The word “reform” with the syntax of 
“nsubj” (noun subject) is assigned the semantic role of AGENT by the system. 

There are situations in which the AGENT is represented by multiple nouns 
which form a single compound noun. In the reference example sentence, the word 
“President” at index no. 1 has been parsed as “NN” (noun) according to the Pos2 
column and “nn” (compound noun) according to the Dprep column. Pointer no. 
2 of the word “President,” corresponds to index no. 2 of the noun “Trump.” The 
syntactic relationship “nn” between “President” and “Trump” indicates that the 
two nouns form a compound noun. The system will assign the semantic roles of 
AGENT to the compound noun “President Trump.”

Another example of a compound noun being an AGENT is found at index no. 
17, where the word “insurance” has been parsed as “NN” (noun) according to the 
Pos2 column and “nn” (compound noun) according to the Dprep column. Pointer 
no. 18 of the word “insurance,” corresponds to index no. 18 of the noun “com-
panies.” The syntactic relationship “nn” between “insurance” and “companies” 
indicates that the two nouns form a compound noun. The system will assign the 
role of AGENT to the compound noun “insurance companies.” 

2.2 Finding the missing AGENT

The system has determined that the noun “reform” of the reference example 
sentence, is the AGENT for the EVENT “maintain” due to the fact that pointer no. 
8 of the word “reform” corresponds to index no. 8 of the word “maintain.” The 
system determines that the two words are related through the “nsubj” (noun sub-
ject) syntactic relationship.

In contrast to the verb “maintain,” the verb “allow” at index no. 15 has no 
“nsubj” (noun subject) linked directly to it. An assumption is made by the sys-
tem that another verb related to the verb “allow” may possibly share the same 
AGENT. The system uses the index-pointer chain to identify an AGENT for the 
verb “allow.” The verb “maintain” is related to the verb “allow,” due to both shar-
ing pointer no. 3. The AGENT “reform” of the verb “maintain” becomes the miss-
ing AGENT for the verb “allow.”
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2.3 Identifying EVENTS

If the parser has determined that the word of the input sentence is morphologi-
cally a verb, then the system will assign the semantic role of EVENT. As seen in 
Figure 1, the words from the example sentence which are parsed morphologically 
as “VB” (verb) will be assigned by the system to the semantic role of EVENT; these 
include the verbs “opposes” at index no. 3, the verb “maintain” at index no. 8 and 
the verb “allow” at index no. 15.

2.4 The gerundive vs. gerund problem

The parser differentiates between basic verbs and gerundive verbs. The system 
will assign the role of ATTRIBUTE to gerundive verbs having the syntax “amod” 
(adjectival modifier). In the example sentence, the gerundive verb “soaring” at 
index no. 9 is syntactically parsed as “amod” (adjectival modifier) according to 
the Dprep column. Pointer no. 12 of the gerundive verb “soaring” corresponds to 
index no. 12 of the noun “costs.” The index-pointer chain has indicated that the 
gerundive “soaring” is an ATTRIBUTE of the noun “costs.” 

If the gerund form of a verb has a syntax of “xcomp,” (clausal complement 
with an external subject), then the system considers the gerund as a basic verb and 
assigns it the semantic role of EVENT. In the example sentence, the verb “over-
charging,” has a gerund form which the system will assign the semantic role of 
EVENT. 

2.5 Identifying OBJECTS

The semantic role of OBJECT is assigned to a noun with the syntax “dobj” (di-
rect object). According to Figure 1, the noun “reform” at index no. 4 has a syntax 
of “dobj” (direct object) and its pointer no. 3 corresponds to the verb “opposes” at 
index no. 3. The system will assign to the word “reform” the semantic role of OB-
JECT for the EVENT “opposes,” due to the syntactic category of direct object cor-
responding to the semantic role of OBJECT. At index no. 20, the noun “patients” 
has the syntax “dobj” (direct object) and its pointer no. 19 corresponds to index 
no. 19 of the verb “overcharging.” The system will assign to the word “patients” 
the semantic role of OBJECT for the EVENT “overcharging,” due to the syntactic 
category of direct object corresponding to the semantic role of OBJECT.

2.6 Identifying Compound OBJECTS

As shown in Figure 1, the two compound nouns, “health” and “care” in the ex-
ample sentence, both have pointers corresponding to index no. 12 where the noun 
“costs” is located. The three nouns form the compound noun “health care costs.” 
The syntactic category of direct object (dobj) is assigned to the noun “costs,” as in-
dicated in the Dprep column. The noun “costs” will become part of the entire com-
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pound noun “health care costs” which is assigned the semantic role of OBJECT by 
the system and will be stored in the Complex column. 

2.7 Identifying EVENTS related to other EVENTS

According to Figure 1, pointer no. 15 of the verb “overcharging,” is syntacti-
cally an “xcomp” (clausal complement with external subject) and corresponds to 
index no. 15 of the verb “allow.” This indicates that the verb “overcharging” is an 
OBJECT of the verb “allow.” 

2.8 Identifying ATTRIBUTES

Adjectives in a semantic network are ATTRIBUTES of nouns while adverbs 
are ATTRIBUTES of verbs. In the reference example sentence, the word “private” 
at index no. 16 has the morphological structure “JJ” (adjective) and is assigned to 
the semantic role of ATTRIBUTE of the word “companies.” Pointer no. 18 of the 
adjective “private” corresponds to index no. 18 of the noun “companies,” which 
is related to the compound “noun insurance companies.” The system determines 
that the ATTRIBUTE “private” describes the compound AGENT “insurance com-
panies” and will be stored in the Attribute column, as shown in Figure 1. 

In some cases, the semantic role of ATTRIBUTE can be assigned to gerundive 
verbs. In the example sentence the gerundive verb “soaring” describes the com-
pound noun “health care costs.”

2.9 Identifying clause delimiters

After the system has identified the semantic role of each word in a sentence, it 
must next delimit the clauses from which it will extract the semantic networks. In 
the input sentence, the word “because” at index no. 5, has been parsed morpho-
logically as an “IN” (preposition) and syntactically as a “mark” (marker). A mark-
er is a word introducing a clause subordinate to another clause which is depend-
ent on the subordinate clause head. In this case, pointer no. 8 of the marker “be-
cause” introduces a clause represented by the verb “maintain” at index no. 8. The 
verb “maintain” has pointer no. 3 which corresponds to the head verb “opposes” 
at index no. 3. The clause represented by the verb “maintain” is a subordinate of 
the clause represented by the verb “opposes.” The marker “because” introduces 
a clause and serves also as a delimiter of clauses. The system determines that the 
first clause of the example sentence starts at index no. 1 (President) and spans until 
index no. 4 (reform) and that the second clause starts at index no. 5 (because).

The system constructs the semantic network corresponding to the first clause 
using the semantic roles determined for each individual word of the first clause: 
“President Trump” is the AGENT, “opposes” is the EVENT, and “reform” is the 
OBJECT. According to Figure 1, the word “and” at index no. 14 has been parsed 
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morphologically as a “CC” (coordinating conjunction) as indicated by the Pos2 and 
Pos3 columns and syntactically as “cc” (coordination) as indicated by the Dprep 
column. The coordination conjunction “and,” joins words, word groups or clauses 
of the same rank. However, the coordination conjunction can join clauses and also 
delimit them. In the example sentence, the conjunction “and” at index no. 14 delim-
its the previous clause which ends at index no. 13. The next clause begins at index 
no. 15 with the word “allow.” The system transforms the clause spanning from in-
dex no. 6 to index no. 12, into the following semantic network: AGENT: “reform,” 
EVENT:” maintain,” OBJECT: “health care costs,” ATTRIBUTE: “soaring.” 

Index no. 15 of the verb “allow” corresponds to pointer no. 15 of the word 
“overcharging,” establishing the relationship of “conj” (conjunct) between the two 
verbs. While a conjunct joins two elements it also delimits them syntactically from 
one another. Therefore, the verb “allow” separates the clause it governs from the 
clause governed by the verb “overcharging,” which begins at index no. 16. 

At index no. 21, the word column contains a “.” (period) with syntax “punct” 
(punctuation) indicating the ending of the input sentence. The system determines 
that the sentence clause starting at index no. 16 and ending at index no. 21 will 
be transformed into the following semantic network: AGENT: “insurance compa-
nies,” ATTRIBUTE: “private,” EVENT: overcharging, OBJECT: “patients”.

From the identification methods described above, a set of rules is executed 
which enables the system to assign to each word of the example sentence a seman-
tic role. The following section describes the sentiment analysis module and the 
application of rules which will assign a positive or negative valence to each word 
representing a semantic role.

Figure 2. VFP output of the semantic network: President Trump opposes reform because reform could 
maintain soaring health care costs, and allow private insurance companies overcharging patients.

3. Sentiment analysis module

In his definition of media framing, Entman includes the “moral evaluation” of 
an issue (Entman 1993, 52). Since a moral evaluation can be considered an opin-
ion, the framing paradigm can be used for “the study of public opinion.” (Entman 



102

1993, 56) From this assertion, the framing paradigm as defined by Entman can be 
applied to determine writer sentiment on various issues. 

According to some researchers the terms “opinion” and “sentiment” are equiv-
alent (Breck & Cardie 2017). In his works, Erving Goffman referred to identifying 
different sentiments present in news media. He states that “when we study a so-
cial establishment, the discrepant sentiments are almost always found” (Goffman 
1956, 107-108). In a news media article, sentiments can be expressed explicitly or 
implicitly and Goffman refers to the latter as the “hidden social sentiments of the 
writers.” (Goffman 1956, 129).

In recent years, sentiment analysis has acquired an important role for the 
“study dynamics in the news framing of social and political issues” (Burscher, 
Vliegenthart, & Vreese 2016, 531) and has been used also to “identify and code 
news frames” (Burscher, Vliegenthart, & Vreese 2016, 541). Sentiment analysis is a 
process of “distinguishing positive words like ‘hopeful’ or ‘excited’ from negative 
words like ‘awful’ or ‘insipid.’” (Breck & Cardie 2017, 4).

In order to analyze news articles available in electronic format, researchers 
have proposed to automate sentiment analysis by integrating techniques from 
computational linguistics, natural language processing, and by creating sentiment 
lexicons (Ruppenhofer 2016, 68) The first step in automating sentiment analysis 
is to construct a sentiment lexicon in which the system can find the sentiment va-
lence of words. For example, the word “excellent” in such a lexicon will have a 
positive valence. 

In addition to sentiment lexicons, researchers have devised lexicons for events 
(verbs) “that negatively or positively affect entities (benefactive/malefactive 
events)” (Deng, Choi, & Wiebe, n.d.). The MPQA Opinion Corpus is a lexicon 
available online to assist researchers in sentiment analysis by providing the va-
lence (good/for or bad/for) for each verb (MPQA Opinion Corpus, 2018). Using 
explicit information from the sentiment and gfbf lexicons, the Loopy Belief Propa-
gation system uses implicature rules to propagate these sentiments to other enti-
ties present in a text (Deng and Wiebe 2014, 377-385). The authors apply a set of 
implicature rules in order to infer “...the writer’s sentiment toward the agents and 
objects...” (Deng and Wiebe 2014, 380).

The system determines that semantic roles have ATTRIBUTES such as the 
word “soaring” which describes the object “costs,” in the reference example sen-
tence. An attribute is a quality or characteristic of something, and should not be 
confused with its valence given in a lexicon. In the lexicon, the attribute “soaring” 
has a negative valence. In a context referring to elections, the attribute “soaring” 
might acquire a positive valence. For example, the expression “soaring popular-
ity” when referring to a candidate indicates a positive valence.

The system has determined in the proposition of the example sentence “the re-
form maintains the soaring costs” that “reform” is the AGENT, “maintain” is the 
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EVENT and “costs” is the OBJECT. The ATTRIBUTE of this object is “soaring.” The 
lexicon determines that the attribute “soaring” as stated by the writer corresponds 
to a negative sentiment due to “costs” being considered high. As shown in Figure 
3, the system enters the value “negative” in the Obj_sent column at clause E1.

Figure 3. Semantic network of example sentence: “the reform maintains the soaring costs” 

The lexicon determines that the event “maintain” is of type “GoodFor.” Note 
that the event type “GoodFor” does not necessarily reflect a positive sentiment; 
it indicates that the event facilitates the existence of an object person or another 
event. Conversely, a “BadFor” type of event does not necessarily reflect a nega-
tive sentiment; its role is to block another event or prevent the existence of another 
object or person. 

According to Figure 3, the verb “maintains,” a “GoodFor” type event, facili-
tates the existence of the object “costs” for which the writer has the negative senti-
ment “soaring.” As a result, the author will have a negative opinion on the event 
“maintains.” The system will infer the value “negative” in the Event_sent column 
at clause E1, according to Rule 2.4 which states: IF the sentiment on the OBJECT 
“costs” is negative and the event “maintain” is of type “GoodFor,” THEN the sen-
timent on the EVENT “maintain” is negative. 

According to implicature rules, if a person or object engages in bad behavior 
that person or object will have a negative sentiment (Deng & Wiebe, 2014). The 
author of the reference example sentence has a negative sentiment toward the 
EVENT “maintain,” and will likely have a negative sentiment toward the AGENT 
“reform.” The negative sentiment toward the EVENT “maintain” has been propa-
gated to the AGENT “reform.” The system applies rule 3.3 which states: IF the 
sentiment on the EVENT “maintain” is negative and the EVENT type “maintain” 
is “GoodFor,” THEN the sentiment on AGENT “reform” is negative. As a conse-
quence the value “negative” will be entered into the Agt_sent column at clause E1 
in Figure 3.

The system has inferred at clause E1 (Figure 3), that the writer has a nega-
tive sentiment toward the AGENT “reform” which appears also as an AGENT at 
clause E2. Once a rule has inferred a sentiment on an entity fulfilling a semantic 
role, this sentiment will be propagated to all other occurrences of the entity. The 
system will search all occurrences of the word “reform” in the semantic network 
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and transfer to clause E2 the negative sentiment previously inferred at clause E1 of 
Figure 3. The categories such as “GoodFor” and “BadFor” indicate facilitation or 
inhibition of another event or object. 

Using the Lexicon, the system entered “GoodFor” as the type for the event 
“allow.” The system determines the writer’s sentiment toward the EVENT “al-
low,” by applying the following principle: if an AGENT such as “reform” with 
a negative valence is performing an action of type “GoodFor,” then the valence 
of the EVENT will be negative. The system assigns the value “negative” in the 
Event_sent column at clause E2 in Figure 3, according to Rule 4.3 which states: IF 
the sentiment on the AGENT “reform” is negative and the event “allow” is of type 
“GoodFor,” THEN the sentiment on the event “allow” is negative. 

The system has completed the sentiment analysis for the E2 clause by deter-
mining that the writer has a negative sentiment toward the AGENT “reform,” and 
the EVENT “allow.” In order to determine the sentiment on the OBJECT “over-
charge” the system applies rule 1.3 which states: IF the sentiment on the event “al-
low “is negative and the event type of “allow” is “GoodFor,” THEN the sentiment 
on the OBJECT “overcharge” is negative. 

As a result of applying the rule the system enters the value “negative” into the 
Obj_sent column at E2. The rationale for this rule is as follows: the event “allow” 
has a negative sentiment inferred by rule 4.3. The verb “allow” having the type 
“GoodFor,” facilitates the existence of the OBJECT “overcharge” and transfers its 
negative valence to the OBJECT “overcharge.” According to Figure 3, “overcharge” 
appears as an OBJECT at clause E2, and as an EVENT at clause E3. The system 
transfers the negative sentiment of the OBJECT “overcharge” to the EVENT “over-
charge” at clause E3 and enters the value “negative” into the Event_sent column.

In order to determine the writer’s sentiment toward the OBJECT “patients,” 
the system follows the principle that compassion is usually felt for the victim (OB-
JECT) of a wrongdoing, or aggression (a negative EVENT). Consequently, the sys-
tem assumes that the writer’s sentiment toward the OBJECT “patients” in E3 is 
positive, and will enter the value “positive” in the Obj_sent column according to 
rule 1.4 which states: IF the sentiment on the event “overcharge” is negative and 
event type of “overcharge” is “BadFor” THEN the sentiment on OBJECT “patient” 
is positive.

To determine the writer’s sentiment toward the AGENT “companies,” the sys-
tem follows the principle that bad actions are committed by bad persons. The neg-
ative sentiment on the event “overcharge” transfers to the AGENT “companies.” 
The system will enter the value “negative” in the Agt_sent column at clause E3 in 
Figure 3 using rule 3.4 which states: IF the sentiment on the event overcharge is 
negative and the event of type “overcharge” is “BadFor,” THEN the sentiment on 
the agent “companies” is negative. 



105

Having applied Rule 3.3, the system inferred that the word “reform” was as-
signed a negative valence as an AGENT at clauses E1, and E2. This negative va-
lence will be transferred to the word “reform” appearing as OBJECT and the value 
“negative” will be entered into the Obj_sent column at E4.

To determine the writer’s sentiment toward the EVENT “opposes,” the system 
follows the principle that if an action has a detrimental effect (BadFor) on a nega-
tively perceived object, this action will elicit a positive sentiment. To determine 
the sentiment on the event “opposes” the system applies rule 2.1 which states: IF 
the sentiment on the OBJECT reform is negative and the event type “opposes” is 
“BadFor,” THEN the sentiment on the event “opposes” is positive. As indicated 
by Figure 3, a positive value is entered into the Event_sent column at clause E4. 

In order to determine the writer’s sentiment toward the AGENT “Trump,” the 
system follows the principle that if somebody is opposing a negative OBJECT, 
that person will be positively perceived. As previously determined by rule 2.1, the 
AGENT “Trump” opposing the negative OBJECT “reform” has received a positive 
sentiment from the writer. The system applies rule 3.1 which states: IF the event 
“oppose” is positive and is of type “BadFor,” and the sentiment on the object “re-
form” is negative, THEN the sentiment on the AGENT “Trump” is positive. The 
system enters the value “positive” into the Agt_sent column at clause E4.

4. Framing functions module

Figure 3 is a representation of the semantic roles and sentiments assigned to 
the actors fulfilling those roles in the reference example sentence. Described in the 
following sections are the rules used by the system to identify Entman’s framing 
functions.

4.1 Identifying the problem definition framing function

Entman states that frames “define problems- determine what a causal agent is 
doing with what costs and benefits, usually measured in terms of common cul-
tural values.” (Entman 1993, 52) and that the problem definition framing function 
consists in “Defining effects or conditions as problematic” (Entman 2003, 417).

According to general knowledge a problem is “a source of perplexity, distress, 
or vexation” for somebody (Merriam-Webster’s Learner’s Dictionary 2018). In the 
computational linguistic resource FrameNet, a “problem” is defined as “An expe-
riencer is in an undesirable Situation” (FrameNet 2018). 

Entman’s problem definition function is represented on the semantic network 
as; EXPERIENCERS and/or OBJECTS affected by a negative Event (an undesirable 
situation) in which they participate. According to Figure 3, at clause E1 the sys-
tem has determined that the OBJECT “Health care costs” is soaring. The sentiment 
analysis module has determined that the attribute “soaring” transfers a negative 
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valence to the OBJECT “Health care costs” and that the EVENT “maintain” has a 
negative valence. The OBJECT “Health care costs” is an undesirable situation and 
therefore it constitutes a problem. The system can determine the presence of the 
problem definition framing function in the text using the following rule: IF the 
semantic network contains a negative EVENT and a negative OBJECT or negative 
EXPERIENCER, THEN the corresponding text can be identified as the problem 
definition framing function.

4.2 Identifying the diagnose cause framing function

The system operationalizes Entman’s diagnose causes framing function as an 
AGENT initiating an EVENT. Entman’s formulation of the “identify the forces 
creating the problem” (Entman 1993, 52) corresponds to the FrameNet definition 
of responsibility: “An Agent is responsible for having intentionally performed an 
Act or for being the or a primary instigator behind the Act. There is often a sense 
of negative evaluation of the Agent for having done so.” (FrameNet, n.d.).

According to Figure 3, at clause E1 the system identified the problem definition 
framing function as; the negative EVENT “maintain” together with the negative 
OBJECT “health care costs.” The system determines that the entity “reform” is 
a negative AGENT, and assigns the diagnose causes framing function. “Reform” 
corresponds to Entman’s “causal agent” responsible for the problem which is the 
soaring of the health care costs.

The general rule for identifying the diagnose causes framing function is as fol-
lows: IF the semantic network contains a negative AGENT, a negative EVENT and 
a negative OBJECT or EXPERIENCER assigned to the problem definition func-
tion, THEN the corresponding text can be identified as the diagnose cause framing 
function.

4.3 Identifying the moral judgment framing function

The moral evaluation framing function has been operationalized in terms of 
positive or negative evaluations which correspond to positive or negative valenc-
es inferred by the sentiment analysis module. 

According to Entman, the moral evaluation framing function is a process of 
“Conveying a moral judgment of those involved in the framed matter.” (Entman 
2003, 417). Entman provides an example from the coverage of the terrorist attacks 
on September 11, 2001: “the moral judgment condemned the agents of this assault 
as evil; “(Entman 2003, 417). In Entman’s example, the moral evaluation is as-
signed to the “evil” AGENTS via the preposition “as.” 

The sentence “reform allows insurance companies overcharging patients” is rep-
resented by two semantic networks (E3 and E4 in Figure 3). The negative EVENT 
“allows,” has a negative AGENT “reform,” and a negative OBJECT “overcharging.” 
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(also an event at E3 in the Figure 3). In E4, the EVENT “overcharging” has “insur-
ance companies” as a negative AGENT, and “patients” as a positive OBJECT. 

If a negative AGENT is engaging in negative behavior toward a positive EX-
PERIENCER or OBJECT, then the sentence contains the moral judgment framing 
function. (When a bad person does a bad thing to a good person, people consider 
this unfair and immoral) The rule for identifying the moral evaluation is as fol-
lows: IF the semantic network contains a negative AGENT, a negative EVENT and 
a positive OBJECT or EXPERIENCER, THEN the system identifies the moral eval-
uation framing function in the input sentence.

4.4 Identifying the remedies framing function

The semantic representation of Entman’s remedy framing function is as fol-
lows: a positive AGENT participating in a positive EVENT with a negative EXPE-
RIENCER or OBJECT. The system determines the events and roles of the semantic 
network at E4 in Figure 3: the positive AGENT is “President Trump,” the positive 
EVENT is “opposes” and the negative EXPERIENCER or OBJECT is “reform.” The 
system identifies “Opposing evil” as the remedy framing function due to “reform” 
being the negative OBJECT to which “President Trump” is opposed to.

The system has identified the remedy framing function regardless if the word 
“remedy” is explicitly mentioned in the text by applying the following rule: IF the 
semantic network contains a positive AGENT, a positive EVENT and a negative 
OBJECT, THEN the system identifies the framing function “remedy solution” in 
the text. 

The operationalization of Entman’s framing functions as case grammar roles 
expressed on a semantic network is as follows:

 − The “define problem” framing function is operationalized as a negative OBJECT or 
EXPERIENCER participating in a negative EVENT.

 − The “attribution of responsibility” framing function is operationalized as a negative 
AGENT participating in a negative EVENT.

 − The “moral evaluation” framing function is operationalized as a negative EVENT in 
which a negative AGENT and a positive EXPERIENCER participate. 

 − The “solution/remedy” framing function is operationalized as a positive AGENT 
which participates in a positive EVENT together with a negative OBJECT or EXPE-
RIENCER.

Conclusion 

This article describes an original approach for the operationalization of Ent-
man’s framing functions using a rule based system that uses existing software 
from computational linguistics research; TurboParser and implicature rules. The 
automatic identification of framing functions in news article text is achieved us-
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ing a parser to identify the syntactic structure of each sentence of the news article 
to be studied. The system then uses a set of rules which transform the syntactic 
structure of the input sentence into semantic networks. This enables the system to 
express the meaning of the sentence in terms of the roles and events assumed by 
the various actors of political or social events present in the text to be analyzed. 
The system assigns to the actors and events a positive or negative sentiment va-
lence via a set of sentiment analysis implicature rules using a sentiment lexicon. 
Once sentiment valence has been assigned to roles and events on the semantic 
network, the system applies a set of rules to identify Entman’s framing functions 
in the input text.

Future research is needed to extend the system from its current proof of con-
cept status to a framing analysis research tool that can analyze any news media 
article. Additional rules are needed to enable the automatic identification of fram-
ing functions in text containing a variety of linguistic phenomena not found in the 
reference example sentence. 
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Appendix 1

Output of the system:

Appendix 2

Syntactical abbreviations used by the TurboParser in Figure 1
nn – noun compound modifier
nsubj - nominal subject
dobj - direct object
aux - auxiliary
mark - marker (word introducing an advcl or ccomp
ccomp - clausal complement with internal subject
amod - adjectival modifier
cc - coordination
conj – conjunct
xcomp - clausal complement with external subject
punct - punctuation

Morphological abbreviations used by the TurboParser in Figure 1.
CC - Coordinating conjunction
NN - Noun, singular or mass
NNS - Noun, plural
NNP - Proper noun, singular
VB - Verb, base form
VBZ -Verb, 3rd person singular present
VBG - Verb, gerund or present participle
MD - Modal
JJ - Adjective


