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Abstract 
We investigate the impact of time on the predictability of 
sentiment classification research for models created from 
web logs. We show that sentiment classifiers are time de-
pendent and through a series of methodical experiments 
quantify the size of the dependence. In particular, we meas-
ure the accuracies of 25 different time-specific sentiment 
classifiers on 24 different testing timeframes. We use the 
Naive Bayes induction technique and the holdout validation 
technique using equal-sized but separate training and testing 
data sets. We conducted over 600 experiments and organize 
our results by the size of the interval (in months) between 
the training and testing timeframes. Our findings show a 
significant decrease in accuracy as this interval grows. Us-
ing a paired t-test we show classifiers trained on future data 
and tested on past data significantly outperform classifiers 
trained on past data and tested on future data. These find-
ings are for a topic-specific corpus created from political 
web log posts originating from 160 different web logs. We 
then define concepts that classify months as exemplar, in-
frequent thread, frequent thread or outlier; this classification 
reveals knowledge on the topic’s evolution and the utility of 
the month’s data for the timeframe. 

Introduction

Supervised machine learning uses statistics to build 
mathematical models to perform a particular performance 
criterion based on example data, known as training data. 
Once the machine learning classifier is created, it can be 
applied to other examples known as testing data. The basic 
assumption is that the training data does not vary from the 
testing data, since we are using the training data as exem-
plars of the testing data. There are many ways the training 
and testing data can vary from one another; the training 
examples could be from a different domain source, on a 
different topic, or from a different time period. We explore 
the effect of different creation dates between the training 
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and the testing examples; we refer to this factor as the test-
ing-training difference.

When the training data is from a particular time period, 
it may not accurately represent data from a different time 
period. All data have the aspect of time, but we believe 
people’s opinions change more frequently than facts or 
belief systems. We run our experiments on a corpus of 
opinions found in web logs. We find that research perform-
ing web mining analysis should pay particular attention to 
the timeliness of the data they are reaping. In particular, the 
question we investigate is how chronologically close the 
training set needs to be to the testing set to achieve ade-
quate sentiment classification results for a corpus of opin-
ions collected from web log posts.  

We apply sentiment classification to a collection of po-
litical web log posts varying the testing-training difference. 
Sentiment classification is the ability to judge an example 
as positive or negative. Previous work has shown that tra-
ditional text classification methods work well when ap-
plied to sentiment classification. However, the corpus of 
the previous study was not topic specific. The study did not 
investigate the effect of time and its results may not be 
applicable to the web log domain (Pang et al., 2002). 

 We run a rigorous study measuring time dependency. 
We show sentiment classification models are time-
dependent by measuring the accuracy results of twenty-
five different time-specific sentiment classifiers on twenty-
four different testing timeframes. Our results show a sig-
nificant degradation in accuracy results as the testing time-
frame is distanced from the training timeframe. The crea-
tion date of the training and testing data does affect the 
result of a sentiment classifier.  

We then consider each month’s results individually in 
order to derive its utility for the complete timeframe. We 
define a classification method using the statistical results 
of each month to determine if its data is applicable only to 
itself (outlier), to a few months (infrequent-thread), to 
many months (frequent- thread) or on average to the whole 
timeframe (exemplar). We then consider the effects of the 
testing-training difference on the four classifications. 
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Studies on Machine Learning Dependencies

There have been few studies measuring accuracy depend-
encies in machine learning classification. Engström (2004) 
showed that the bag-of-features approach used by machine 
models is topic-dependent. Machine models trained on a 
particular product’s reviews are unlikely to perform well 
on another product. Read (2005) states models are domain-
dependent and time-dependent. The source of the data and 
the creation date of the passage impact the accuracy of 
sentiment classification results. He measured the accura-
cies of two different movie databases, one that spans a 
two-year time period and another collection from a previ-
ous time period whose length was not measured. He 
grouped his samples such that models trained and tested on 
the same timeframe formed one group and models trained 
and tested on different timeframes formed a second group. 
He used two different machine learning induction tech-
niques, Naïve Bayes and Support Vector Machines, to 
measure the accuracy of the models on different testing 
datasets. He determined datasets trained and tested on the 
same timeframe yielded a higher result in sentiment classi-
fication than datasets that were trained from one timeframe 
and tested on another timeframe. In particular his best re-
sult for the same timeframe dataset was 81.5%, for the 
mixed timeframe result 77.5%. 

Read’s    study   paired   experiments   with   differing 
amounts of testing and training data and different valida-
tion techniques. For the same timeframe experiments 
Read’s research (2005) used three-fold cross validation as 
depicted in Figure 1; for the mixed timeframe experiments 
he used the holdout technique as depicted in Figure 2. The 
error in the accuracy estimate differs with different valida-
tion techniques and cross validation techniques are known 
to improve the generalization accuracy of the learned clas-
sifiers (Kohavi, 95).  Also the size of both the training and 
the testing data vary substantially between the two experi-
ment groups; training size varies from 1400 to 932 and the 
testing size varies from 1400 to 466. Using different 
amounts of testing data within the experiments introduces 
a bias in the comparison (Kohavi, 1995).  

Experiments

Our experiments investigate the temporal relationship be-
tween the testing and training data.  We use the Naïve 
Bayes induction technique as our classification technique 
and the holdout validation technique using equal-sized but 
separate training and testing data sets. We ran two collec-
tions of experiments, one for the maximum-sized datasets 
for each month and the other for the minimum-sized data-
sets. Each collection contains a series of 600 experiments. 
Figure 3 illustrates our methodology in contrast to Read’s. 
We assign each month an ordinal number, the first month, 
March 2003, being labeled 1, continuing to our last month 
in our dataset March 2005, being labeled as 25.  We group 
our experiments by the number of months separating our 
testing and training  datasets.  For  example,  results for the  

Figure 2 Three-fold cross validation technique used by Read 
(2005) for the same test/training timeframe samples. Each fold 
contains 466 data elements. The final accuracy was the mean of 
the accuracy for the three folds, lowering the generalization error 
rate.

Figure 3 The size of our testing and training sets and our holdout 
validation technique used by our minimum experiments. Each 
month’s data is tested on 24 different testing sets. We run these 
experiments for 25 different classifiers, each containing one 
month’s worth of web log posts. 
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training and the testing data are each 1400 elements.
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ordinal number -1 are the accuracy results of classifiers 
that were trained on month n but tested on month n - 1.
The testing and the training datasets are always from dif-
ferent timeframes.  

Our first collection of experiments using the maximum-
sized datasets takes advantage of all data that was available 
from the web logs. This led to various amounts of testing 
and training data and may lead to unfair comparisons of 
models. These results are interesting because they indicate 
the performance of the models when the data size is deter-
mined by the interest in the given topic for the particular 
month. 

We also ran experiments limiting the number of ele-
ments of each dataset to the minimum-sized dataset, 244 
elements. This gave each experiment equal-sized testing 
and training sets. The contributing posts were randomly 
selected from the total collection of posts for the month.  

The origin of our opinion corpus is Gandelman’s politi-
cal blog, themoderatevoice.com. It categorizes over 250 
web logs as a left-voice, right-voice or moderate-voice. We 
predict Gandelman’s political categorization of the origi-
nating web log, allowing postings to inherit the categoriza-
tion of the web log. We collect the categorization and the 
web log posts from the referenced blogs, limiting our cor-
pus to a specific topic.  We classify the post’s sentiment 
toward our topic as right-voice or left-voice. We use a sub-
set of the terms found within the corpus as features. Previ-
ous research on this corpus (Durant and Smith, 2006) 
showed that the sentiment of a political web log post can 
be predicted on average 78.45% of the time using a Boo-
lean presence feature set representation and boosted to 
89.77% when an off-the-shelf feature selection technique is 
applied (Durant and Smith, 2007). We use the same feature 
set representation, time segmentation scheme (a month) 
and topic as the previous study. However our study uses 
the hold-out validation technique; whereas the previous 
study used stratified 10-fold cross validation. 

Results
As demonstrated in Figure 4, when the training time period 
is chronologically closer to the testing time period (in the 
area of the graph closer to the origin), we achieve a higher 
accuracy than when they are farther apart. There is a slow 
degradation in the accuracy in the classifiers as the differ-
ence between the testing and the training data increases. 
There is a noticeable difference in the plot on the different 
sides of the origin. If it is a negative testing-training differ-
ence then the training month is from the future. Classifiers 
trained on future data seem to do a better job predicting 
past data than classifiers trained on past data do at predict-
ing future data.  
 Figure 5 demonstrates the similarly shaped results for 
the collection of minimum-sized datasets; the difference is 
an average degradation in the accuracy and an increase in 
the variance, a vertical stretching of the plotted graph in 
Figure 4. A statistical comparison of the results of the two 
collections can be found in Table 1. 

Figure 4 Accuracy results for the maximum-sized datasets. The 
graph shows the degradation of sentiment classifier accuracies as 
the training-time difference varies. Points graphed left of the 
origin are the results of classifiers that are tested on previous time 
periods. Points graphed right of the origin are results of classifiers 
tested on future time periods.  

Figure 5 Accuracy results for the minimum-sized datsets. The 
overall shape above resembles a vertically stretched version of 
the graph displayed in Figure 4. 

Figure 6  Average accuracy per testing-training difference for 
both maximum-sized and minimum-sized datasets. The shapes of 
the results are quite similar.  
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Table 1 A comparison of the average mean and average variance 
for the maximum and minimum datasets. The variance increases 
and the average accuracy decreases for the minimum dataset. 

Collection Accuracy 
Variance

Accuracy
Average

Maximum-sized 19.157 69.708 
Minimum-sized 27.872 64.550 

In Figure 6 we compare the average accuracy for each 
testing-training difference between the minimum-sized and 
the maximum-sized datasets. The accuracy decreases and 
the variance increases for our minimum-sized collection in 
comparison to our maximum-sized collection. However, 
the average degradation between accuracy results as the 
testing-training difference increases remains. The slow 
degradation of our results as we move away from the ori-
gin displays the time dependency of our machine classifi-
ers. In both the minimum and maximum collections, train-
ing months four months away from the testing month do a 
poor job representing the testing data. 

Figures 4 and 5 indicate models trained with future data 
in general produce higher accuracy results. To quantify this 
observation we paired our average results by the absolute 
difference between the testing and training months and ran 
a paired t-test to determine if future models predict the past 
at a higher accuracy than past models do at predicting the 
future. The models contributing to each paired distance are 
the same; the collection of testing months and the direction 
of the movement varies. For one group the testing months 
are x months in the future, for the other group the testing 
months are x months in the past. The accuracy improve-
ment of the future models (tested on the past) compared to 
the past models (tested on the future) is [2.065 to 5.441] 
for the maximum datasets and [.95 to 2.81] for the mini-
mum-sized datasets at a 99.9% confidence interval. We 
also verified our results using the nonparametric Wilcoxon 
signed-ranked test. By comparing the medians of the sam-
ples it verified the superiority of the future models to the 
past models at a significant level of 0.1%. We believe this 
difference can be attributed to authors of future data having 
access to all historical information; whereas authors from 
the past do not have access to topics and events in the fu-
ture.  

Thread, Exemplar, and Outlier Months 

In the previous section we looked at the overall effect of 
the training timeframe and testing timeframe on the accu-
racy of sentiment classifiers. We discovered on average, 
when the difference between the testing timeframe and the 
training timeframe is small; the classifier on average per-
forms better. Now we consider the predictive power of 
each month individually. Our goal is two faceted. First we 
wish to further investigate the testing-training difference 
on accuracy results. We consider different statistically re-
lated subsets of months and examine the effect of the test-
ing-training difference on each subset. Second we wish to 

define a method that allows us to automatically glean in-
formation about our topic and the evolution of the topic 
throughout the timeframe.  

We do this by defining a method that classifies each 
month’s predictive power on other months’ data across the 
total timeframe. Our method identifies four classes of 
months: exemplar, frequent- thread, infrequent-thread, and
outlier months. We use four different metrics to identify a 
month’s class: training accuracy, training variance, testing
accuracy and testing variance.

The training metrics select a month x as the training 
dataset and then test the resulting machine classifier on all 
other months in the timeframe. This sets the data for the 
chosen month as the only representation of the topic for the 
whole timeframe, giving a very limited description of the 
topic. The training accuracy for a particular month x is de-
fined as the average accuracy of the machine classifier 
tested on all other twenty-four months. The training vari-
ance for month x is defined as the variance of the accuracy 
results. The training variance shows how well month x
represents the total timeframe since the feature set for 
month x determines the identifying features for the com-
plete timeframe. 

The testing metrics select a month x as the single test-
ing dataset and then test the machine classifiers trained on 
every other month in the timeframe. In this collection of 
classifiers there is no single representation of the topic 
across the timeframe; instead the representation of the 
topic is a collective representation of all the feature sets 
from all the contributing classifiers. This representation 
allows the topic to evolve across the timeframe; each 
month determines the representation of the topic for that 
given month. The testing accuracy for a particular month x
is defined as the average accuracy of all the machine clas-
sifiers tested on month x. The testing variance for a par-
ticular month x is defined as the accuracy variance. If a 
particular month has a low testing variance and a higher 
than average testing accuracy, the model may be beneficial 
for the long term.  

Table 2 displays our four classes of interest and the 
values of the metrics that define them. The classes indicate 
how the metrics for a particular month compare in relation 
to the median of the metrics for all months. This roughly 
divides the months into classes based on their utility for the 
complete timeframe and those that would be good predic-
tors for the topic. We measure our results to the median 
rather than the mean, since our data is not normally dis-
tributed. To create a soft boundary around our measure-
ments, we use a 95% confidence interval with each metric. 

The testing and training metrics are two related similar-
ity metrics and viewed as coupled in our classification. Our 
classes highlight months that show either degradation or an 
improvement in both types of accuracies and variances. In 
other words, time segments that can successfully represent 
the total timeframe and also be successfully represented by 
the total timeframe. 

Exemplar months contain data that is representative of 
the total timeframe. The overall arching theme of the time-  
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Table 2 Four classes of interest for months in the timeframe. 
Above (below) means that the month’s metric was greater (less) 
than the median value of all months in the timeframe, within the 
95% confidence interval for the median measurement.

frame is highlighted in these months. An exemplar month 
represents the total timeframe well, and the total timeframe 
also represents the testing month well.  

Outlier months do not have features in common with 
other months. These months highlight events that are short-
lived sensational sub-events.  

Thread months represent a subset of months well. In 
general, infrequent-thread months represent a small (i.e., 
much smaller than the number of months in the timeframe) 
number of months while frequent-thread months represent 
a large percentage of the months in the timeframe. All 
thread months have variance metrics larger than the medi-
ans. The accuracy metrics differentiate the infrequent-
thread from the frequent-thread months.  

Figure 7 displays the results for the training metrics 
while Figure 8 displays the results for the testing metrics 
for each month in the minimized-sized collection.  

The months October 2003, December 2003, and July 
2004 are classified as outlier months. These results are 
plausible since all three months contained short-lived 
highly sensational events. In October 2003 the Madrid con-
ference raised funds to rebuild Iraq, and December 2003 
Saddam Hussein was captured. July 2004  is the month the 
Australian Flood Report, the British Butler Report and the 
US Senate Intelligence Committee all released statements 
stating the pre-war intelligence exaggerated Hussein’s 
threat.

The months March 2003, April 2003, May 2003, Au-
gust 2004, September 2004 and March 2005 are classified 
as infrequent-thread months. March 2005 is the only thread 
month not adjacent to an outlier or another thread month. 
One thread identified was from March 2003 – May 2003, 
the combat months of the war and the celebratory “Mission 
Accomplished” speech. This beginning segment of the 
timeframe is very different from the rest of the timeframe 
in sentiment and in events. The other infrequent thread 
identified was August 2004 – September 2004. Only these 
months contain the Battle of Najaf and the death toll reach-
ing 1000.  
Our only frequent-thread month identified is October 2004; 
it chronologically follows the previous infrequent thread. 
This month contains the release of the Duelfer report that 
states there were no weapons of mass destruction in pre-
war Iraq. Weapons of mass destruction are a frequent sub-
topic over our two-year time period, November 2004 best 
represents this subtopic.  

Static Topic Definition

10
15
20
25
30
35
40
45
50
55
60
65
70

M
ar

-0
3

M
ay

-0
3

Ju
l-0

3

Sep
-0

3

Nov
-0

3

Ja
n-

04

M
ar

-0
4

M
ay

-0
4

Ju
l-0

4

Sep
-0

4

Nov
-0

4

Ja
n-

05

M
ar

-0
5

Months 

Variance for Training Set   Accuracy for Training Set

Figure 7 The training accuracy and variance for each month.  

Evolving Topic Definition
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Figure 8 The testing accuracy and variance for each month. 

The eight months August 2003, September 2003, No-
vember 2003, March 2004, May 2004, June 2004, Novem-
ber 2004 and January 2005 were identified as exemplar 
months for our topic.   

We next investigate the impact of testing-training dif-
ference on our four categories. Our categories are quite 
statistically different; yet Figures 9-12 illustrate that exam-
ples from all four categories still exhibit effects of the test-
ing-training difference. The figures display a general de-
cline in accuracies as we move away from the origin for all 
our classes.  

Conclusions and Future Research

Our research has explored the effects of time on sentiment 
classification accuracy. We showed that sentiment classifi-
cation models are indeed time dependent, something not   
previously shown rigorously. As the duration of time be-
tween the testing and the training data increases the accu-
racy results decrease.  We also showed there is a disparity 
in the testing-training difference for future and past data. 
Models trained on future data produce higher accuracy 
results   than   models  trained  on  past  data,  at  a   0.1%   

Class Accuracy    Variance 
 Testing Training Testing Training 
Exemplar Above Above Below  Below 
Frequent thread Above Above Above Above 
Infrequent thread Below Below Above Above 
Outlier Below Below Below Below 
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Figure 9 The testing accuracy for two exemplar months (May 
2004 and November 2004).  These months are successful on all 
months in the timeframe. 
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Figure 10 The testing accuracy for frequent-thread month (Octo-
ber 2004). It generates testing accuracies higher than the average 
on most months. This month is successful on a large subset of the 
timeframe. 

significance -level; meaning our finding has a 99.9% 
chance of being true. Our finding is sensible since a time-
frame in the future is aware of all potential discussion 
points of the past; however the past is not aware of all po-
tential discussion points in the future. 

We have also defined testing accuracy, training accu-
racy, testing variance and training variance; concepts that 
data. With these definitions we were able to identify outlier   
allow us to label, at a gross level, the utility of a specific 
time segment’s data for  predicting  other   time  segment’s 
months that contained short-lived sensational events, two 
reasonable threads and eight exemplar months. We showed 
even though these categories are statistically different all 
categories are affected by the testing-training difference.  

Our research uses the total two-year timeframe to iden-
tify outlier, thread and exemplar months. We would like to 
analyze the impact of the timeframe length on the assigned 
classes. We would like to test our classes by comparing the 
testing accuracy of future time segments on models created 
from our exemplar, thread and outlier classes. 
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Figure 11 The testing accuracy for two infrequent thread months 
(September 2004 and April 2003). These months are successful 
on a few months chronologically close to each testing month. 
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Figure 12 The testing accuracy for two outlier months (July 2004 
and December 2003). These months, on average, do a poor job 
predicting the other months in the timeframe. 

In our month classification system we only considered 
months where both accuracies and both variances are either 
above or below the median. However, there may be inter-
esting aspects in the time segments when the two accura-
cies and two variances diverge.  We would like to extend 
our classification system to these other permutations of 
accuracies and variances. 

At its current definition our month classification 
method is most useful in analyzing a collection of topic-
specific data sources and identifying the months containing 
unordinary events, typical events and repeating sub-topics. 
We would like to add a real-time aspect to our system so 
that months can be classified while they are happening.  

The classification technique’s success in identifying 
thread and exemplar months is limited. Our method does 
not indicate a specific subset of months to which the thread 
is useful. We do not consider cyclical threads, threads that 
may repeat within the timeframe. We need more sophisti-
cated methods and precise metrics to identify all threads 
and their duration. We would like to extend our system to 
address all of these issues. We would also like to be able to 
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automatically determine the most influential time segmen-
tation of data given a collection of topic-specific, time-
ordered data. If we can capture a metric of thread senti-
ment, we can use it to predict existing sentiment that also 
varies with time, such as polling results. 
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