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Food 1nsecurity, the lack of access to enough nutritious food for a healthy lifestyle, 1s a problem many 1n the U.S. are facing, in particular minorities (17.2% Hispanic households, 2020). Food security organizations are using social media to communicate the services they provide to food-insecure individuals but have
been 1neffective at reaching enough people. The goal of this project is to improve the connection between food security organizations and Hispanics 1n an effort to expand the use of services amongst them. This will be achieved using sentiment analysis, the process of identifying the emotion behind a piece of text.
Focusing on the use of language by organizations on their social media will yield insight on how the language being used can increase user engagement. We work on the Facebook pages of three different organizations located 1n Illinois, implementing four different algorithms: VADER, Multinomial Naive Bayes,
Random Forest, and Multinomial Logistic Regression. A curated dataset (Twitter Airline Sentiment) 1s used to train these models. The results of the sentiment analysis are combined, assigning a final sentiment to each of the Facebook posts.

Introduction Results/Discussion Methodology/Approach (Cont’d)
Despite 1ts status and wealth, the U.S. currently struggles to feed all its people. In 2020 alone, there « Neutral sentiment is the one expressed the most by all three organizations * Accuracy scores of each model:
were 13.8 million food insecure households. Aside from money being an issue, it seems many « For Greater Chicago Food Depository, negative posts are more prominent than positive posts
Hispanics simply failed to take advantage of the services, like food pantries, that were made * Three types of user engagement selected for analysis: likes, comments, shares 41% T4.0% TAEY 7490
available to help them. This stemmed from limited access and usage of information systems, which « Users engage with posts using the “Like” button most commonly R T I I
itself was a result of a variety of different factors. With food security organizations primarily making Figure 2: Accuracy scores of the models
use of social media to spread word among their communities about the resources they offer, those * Sentiments: positive = 1, neutral = 0, negative = -1
unfamiliar or with no access are unable to partake. To address this 1ssue, sentiment analysis 1s * Each Facebook post was assigned a sentiment (1, 0, -1) by each model
performed on the Facebook pages of various food security organizations. In doing so, we will have a 3,480 29 7% 38.3% 329,
deeper understanding of how to better inform people about access to the services.
3.605 38% 38.6% 23 4%, Give today so more kids have the ba... 1 0 -1 0
We are always impressed by the amo... 1 1 1 1
1,966 38.8% 42% 19.2%
Background Hundreds in our community are facin... -1 -1 1 1

Figure 4: Posts classified positive, negative, neutral

Sentiment analysis, also known as opinion mining, is the process of identifying the emotion Figure 3: Sentiment analysis performed on text using four models

expr.essed In a piece of t§Xt- This techmque 1s often used in products ?md SCIVICES TCVIEWS. . Greater Chicago Food Depository Northern Illinois Food Bank Central llinois Foodbank  We wanted to assign a final sentiment to each post. A voting ensemble would not work because
Businesses perform sentiment analysis on customer feedback to monitor product sentiment and oo | O 25167 s | do000 {8 =k there were instances where there was a tie, as is shown in the last post in Figure 3. Instead, we
better understand customer needs. In healthcare, sentiment analysis 1s used to improve healthcare = — shares | shares use the weighted sums of the sentiments, which are calculated using the accuracy scores of the
quality [1]. When multiple machine learning algorithms are used to perform the sentiment analysis, o 2254 20000 el
enszmble Ipethocils canhbe uszgi tc? 1mp1j01:fe hthe pI.'ed.ICthe per.fomllance(:i (éne of the simplest methods : H o - 15109 : 6000 | + Weighted SUMS: Woositiver Wnenerair Wnegatsve
used 1s voting, where the prediction with the majority votes 1s selected [6]. - N — e If a model with an accuracy of x classifies a post as i, x is added to w;
oy P 10324 5363 zas o * The last post in Figure 3 was classified negative by VADER and MNB, and positive by RF and
Methodology /Approach 5000 | o . 5000 { N - : o B . MLR Using the accuracy scores shown in Figure 2, the final sentiment assigned to the post
| T 0 - - = . - - L] . £ [ St (positive) was selected as follows:
* The Facebook pages of the following organizations were analyzed: e sentiment o e sentiment o e sentiment o Weositive = 14.0 (MNB) + 74.2 (MLR) = 148.2
(a): Greater Chicago Food Depository (b): Central lllinois Foodbank (c): Central lllinois Foodbank Wnegative = 54.1 (VADER) + 74.5 (RF) = 128.6 y Woeutral = 0
Figure 5: Likes, comments, and shares each organization received on their posts
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Charity " * Word clouds display different words in varying sizes. The size 1s related to the frequency of use, Conclusion
Organization with the most frequently used words appearing larger. * A combination of lexicon-based models and ML models were used to perform a sentiment
Charity 5 oK * Word clouds were generated for each class (positive, negative, neutral) per organization. This analysis on Facebook posts. An ensemble technique was then used to improve the sentiment
Organization allowed us to identify the words that have a positive, negative, or neutral connotation, along with analysis.
. . . . . their level of impact. . ' ’ ' it ‘ ' ‘ ‘
*  Multi-class classification: positive, negative, neutral e It le():;,eed Ss to Ii)de(::ntif what words are most commonly used across all three food securit W'ehldentlﬁTd o e Posive ISOIlantatlon'S? O negatwle COIlIlOtaUOI]ljSi, e c\lN Orflfs
* Models: VADER, Multinomial Naive Bayes (MNB), Random Forest (RF), Multinomial Logistic .. 3 3,. . y 1 Y With neutral connotations. F(,)r sele R (plasine el Watiel), i el elle Lo sty
Regression (MLR) organizations. ““Thank” 1s one such word. From Figure 6a we can see that within the Greater the words that have a larger impact
. . . . . Chicago Food Depository, “Thank” is one of the most commonly used word with a positive * Words with positive connotations should be used by food security organizations. Words with
> VRDISI (vellenes A Disieneny fne  STpimsnt IKSasens) i & pre-ined Ieneen-cased connotation. With regards to both the Northern Illinois Food Bank and the Central Illinois ' ' hould b 1ded
model that is sensitive to both polarity and intensity. Since VADER 1s optimized for social media Foodbank ‘;Thank” igs the most commonlv used word with 4 positive connotation UGZENNE connotlaioils SHOUIC DE a\./clll ed. b . 1 ,
data, 1t can handle: emojis, emoticons, slang, acronyms, amplifiers. ) . . y oL . p . . : Users are more likely to engage with posts that convey positive or neutral emotions
.. : : A word may have a different connotation within each organization. Figures 6a, 6b, and 6¢ show
* VADER outputs four scores: positive, negative, neutral, compound. It has the following . .. . s
Ny how differently each organization uses the word “help”.
threshold values for classifying text: Fut Work
Positive Sentiment: compound score > 0.05 Stiadrsiofels
Neutral Sentiment: -0.05 < compound score < 0.05 O U1S new | team Lt * Analyze social media pages that use emojis regularly to measure the impact emojis have on the
Negative Sentiment: compound score < -0.05 = K o > e . Feedin L LA sentiment of their posts
« MNB, RF, and MLR are all supervised machine learning (ML) algorithms. ML models require 9»)_ y edl ~ T : 0 ﬂ e H 2 * Obtain demographics of users who visit/interact with the social media pages of food security
preprocessing and training to perform sentiment analysis ~% meal 2 celkpartl en d | -1 me organizations
* Preprocessing: tokenization, lemmatization, stopword removal, replacing emojis with name of f~ | Proy ]C 3 h t
the emoji B : H u n e We ar. 5
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