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Abstract: Emotion and sentiment detection from text have been one of the first text 
analysis applications. Practical use includes human-computer interaction, media content 
discovery and applications for monitoring the quality of customer service calls. In this 
paper we perform a review of established and novel features for text analysis, combine 
them with the latest deep learning algorithms and evaluate the proposed models for the 
needs of sentiment detection for monitoring of the customer satisfaction from support 
calls. The issues we address are robustness to the low ASR recognition rate, the variable 
length of the text queries, and the case of highly imbalanced data sets. The proposed 
approaches are shown to significantly outperform the accuracy of the baseline 
algorithms. 
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1. INTRODUCTION 
Emotion and sentiment detection from text is one of the first applications of text 

analysis. Initial papers were rule-based algorithms, later replaced by bag of words 
(BoW) modeling using a large sentiment or emotion lexicon [1], or statistical 
approaches that also assume the availability of a large dataset annotated with polarity 
or emotion labels [2]. Word embedding [3] emerged as a powerful tool to map words 
with similar meaning closer together. It also can be used to transfer the knowledge 
from large numbers of unlabeled documents [4] to smaller labeled data sets, in the 
context of emotion or sentiment analysis. 

Analysis of text utterances using deep neural networks faces the problem of 
different number of words in the utterance, while classifiers (SVM, FC DNNs) expect 
fixed number of input features. One approach is to extract utterance statistics based on 
                                                        
1 The full paper is proposed for including in the IEEE Xplore Digital Library 
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the word features a priori, and use the extracted statistics as input to the classifier; 
alternatively, statistics can be extracted after individual word classification and then 
combined into a final decision. A third approach is to use models with an intermediate 
hold state, such as Hidden Markov Models (HMM) or RNN. 

Sentiment analysis from call center conversations faces additional set of 
problems: the noise in the audio signal that harms both the audio-based classification 
and the ASR; the need for robust text classifiers that overcome inevitable ASR errors. 
Another aspect of the sentiment classification from audio and text in real-life customer 
calls is that the collected and labeled data sets are highly imbalanced, with neutral 
label dominating – typically above 90%. If we train the classier on weighted accuracy 
(WA) we will have very poor results for the positive and negative classes. If we train 
the classifier on unweighted accuracy (UA) instead, then we will end up with a high 
absolute number of neutral phrases misclassified as positive or negative, which is also 
non-ideal.  

2. DATASET AND EVALUATION 
The dataset is created from recorded Microsoft customer support calls and for a 

range of products and services. It consists of 1957 sessions in total. Each conversation 
has been automatically segmented into utterances and separated into agent and 
customer speech (although occasional mix-ups occur due to crosstalk or processing 
glitches). An initial transcription pass is done automatically, followed by human 
transcription. For the purposes of our task, we will use only the audio data from the 
customer side, with initial number of 139,493 utterances. Each utterance is labeled for 
sentiment by three judges in the Microsoft UHRS crowd-sourcing system. After 
leaving only the utterances where at least two of the judges agree we have 111,665 
utterances left, with three labels: positive, neutral, and negative.  

The overall judges' agreement leads to UA of 84.85%. The labels distribution is 
93.01% neutral, 5.22% negative, and 1.77% positive. The utterances contained 
between 1 and 97 words, where 95% of them contained less than 18 words. More 
detailed analysis of the judges' performance and the dataset can be found in [5]. The 
dataset was split on training, validation, and testing sets (80%–10%–10%). 

Class labels were assigned in a way that emphasizes natural proximity between 
pairs of classes: -1 for negative, 0 for neutral, and +1 for positive. This way the 
negative class is closer to neutral than to positive. All classifiers initially act as 
regressors that estimate one score value; the score value is then converted to a class 
membership using two thresholds. 

As evaluation parameters are used weighted accuracy (WA) and unweighted 
accuracy (UA). With WA as a cost function during training, the trained neural network 
will tend to return mostly neutral, reducing the accuracy for the other two classes. 
With UA as a cost function, we will have a very large absolute number of class neutral 
misclassified as one of the other two classes. This will make the manual investigation 
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of customer support calls more difficult and time consuming. To address this issue, we 
propose using as a cost function the weighted sum of the two accuracies.  

3. FEATURES 
The first group is the statistical features, the classic for the field of computational 

linguistics n-grams: unigrams, bigrams, and trigrams [6]. Each n-gram is represented as 
one-hot vector and we let the classifier learn which n-gram is carrying more 
information about the utterance sentiment of a given class. The feature set for the 
utterance is the sum of all one-hot vectors. This feature set can be further augmented  
with  information about the frequency of the n-grams in the utterances of each class, 
which in information retrieval is called TF*IDF (term frequency--inverse document 
frequency) [7]. In this case each n-gram is represented by a sparse vector with length 
the number of n-grams in each class and as many different than zero numbers as 
classes we have, containing the TF*IDF number of the n-gram for each class. One of 
the problems in the statistical features is out-of-vocabulary (OOV) n-grams or 
TF*IDFs, which are not presented in the training set, but seen in the test and/or 
validation dataset. Both n-grams and TF*IDF features are frequently referred to as 
bag-of-words (BoW) features as they do not keep track of the sequence, i.e. the 
position of the n-gram in the utterance is not accounted for. 

Word embedding represents each word as a long vector, i.e. as a point in a large 
dimensional space. Because of the way this vector is derived [3] the words with 
similar meaning are close together. Even more, in this space king-man+woman is very 
close to queen. For sentiment detection form text, we can use embedded vectors pre-
trained on a large data corpus, such as the 16 billion documents dataset in [9]. The 
probability of OOV words will generally be small, but the word embedding is language 
dependent and will not be domain specific. A second approach is to train the word 
embedding on the words in the training set. In this case the embedded space will be 
domain-specific, but we can have increased number of OOV words in the validation 
and test data sets. Third approach is to train the embedding jointly with the sentiment 
classifier. Then in the embedded space words informative for a given class will be 
closer together. The problem with OOV words will still be present. We can use the 
word embedding vectors as a sequence, or compute statistics across all the word 
embedding in the utterance: mean, max, min, standard deviation. 

4. CLASSIFIERS 
Most of the classifiers expect fixed input length, while the number of words in the 

utterance varies. This means that we either have to do some statistical processing of 
the features before the classifier, or to do classification of each word and then do 
statistical processing of the outputs, or use classifiers that carry a state from word to 
word and output the final conclusion at the end of the utterance. 
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The potential feature sets for the classifiers with fixed input length is the BoW 
group. In this paper we limit the scope to two: Extreme Learning Machine (ELM) [8] 
and feed forward fully connected (FC) neural network referred to simply as DNN [9].  

In the group of the classifiers with state we experiment with Long-Short Term 
Memory (LSTM) [10] classifiers, which are in the group of RNN. The LSTM 
classifiers process the input features consecutively and account for the order of the 
input vectors. They also preserve internal state and output the decision at the end of 
the input sequence. LSTM classifiers perform better than the traditional HMM. 

5. DISCUSSION AND CONCLUSSIONS 
In this paper we explore various feature representations and classifiers for the 

task of sentiment detection from speech transcription. We proposed the use of a cost 
function that accounts for both WA and UA, aiming to mitigate highly imbalanced 
training dataset. Another aspect of the proposed algorithm is to use the classifiers in 
regression mode and estimate a value ranging from -1 (negative), through 0 (neutral), 
to +1 (positive). This also allows applying of two separate thresholds to adjust the 
false positive and false negative rates for the negative and positive classes. 

In our experiments the traditional classifiers are represented by the ELM, which 
performs close, but better than pretty much all of them. The proposed algorithms 
outperform the ELM based classifier with 5-7% in UA for word embedding features 
and 2-6% in UA for n-gram features. 
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