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Sample 
Variance 1394.01 1679.06 1566.99 0 0

Range 100 100 100 0 0

Minimum 0 0 0 100 100

Maximum 100 100 100 100 100

Sum 600 600 900 400 600

Count 11 10 13 4 6
Confidence 
Level(95.0%) 25.08 29.31 23.92 0 0
 

Table 2: Analysis of Group A and Group B precision 
results (R2) entire group B, (R3) entire group B including 
resubmissions, (R4) actually followed methodology, and 

(R5) actually followed methodology including 
resubmissions 

Hypotheses: 
1. Group B (R5: actually followed methodology 
including resubmissions) will perform significantly 
better than group A (R1) in terms of precision of their 
results. 
2.  Group B (R4: actually followed methodology 
excluding resubmissions) will perform significantly 
better than group A (R1) in terms of precision of their 
results. 
 
4.2.1 Result 1: (R1 vs. R5) 
 
Lower Tail test 

Population 1 sample corresponds to Group A 
(R1: without methodology); Population 2 Sample 
corresponds to Group B (R5: actually followed 
methodology including resubmissions from Group 
A). 
 
Hypothesis 1: (Mean precision of sample 1) – (Mean 
precision of sample 2) ≥ 0 
 
Hypothesized Difference 0
Level of Significance 0.01

Population 1 Sample 
Sample Mean 54.54
Sample Size 11
Sample Standard Deviation 37.34

Population 2 Sample 
Sample Mean 100
Sample Size 6
Sample Standard Deviation 0
Population 1 Sample Degrees of Freedom 10
Population 2 Sample Degrees of Freedom 5
Total Degrees of Freedom 15
Pooled Variance 929.52
Difference in Sample Means -45.46
t-Test Statistic -2.94
  

Lower-Tail Test  
Lower Critical Value -2.60
p-Value 0.00509

Reject the null hypothesis 
Table 3 

Conclusion: Mean difference between sample 1 
(without methodology) and sample 2 (actually 
followed methodology including resubmissions from 
Group A) is less than 0 with a confidence level of 
99%. Thus sample 2 precision results are 
significantly greater than sample 1.   
 
4.2.2 Result 2: (R1 vs. R4) 
 
Lower Tail test 

Population 1 sample corresponds to Group A 
(R1: without methodology); Population 2 Sample 
corresponds to Group B (R4: actually followed 
methodology excluding resubmissions from Group 
A). 
 
Hypothesis 2: (Mean precision of sample 1) – (Mean 
precision of sample 2) ≥ 0 
 
Hypothesized Difference 0
Level of Significance 0.05

Population 1 Sample 
Sample Mean 54.54
Sample Size 11
Sample Standard Deviation 37.34

Population 2 Sample 
Sample Mean 100
Sample Size 4
Sample Standard Deviation 0
Population 1 Sample Degrees of Freedom 10
Population 2 Sample Degrees of Freedom 3
Total Degrees of Freedom 13
Pooled Variance 1072.52
Difference in Sample Means -45.46
t-Test Statistic -2.37743
  

Lower-Tail Test 
Lower Critical Value -1.77093
p-Value 0.016734

Reject the null hypothesis 
Table 4 

 
Conclusion: Mean difference between sample 1 
(without methodology) and sample 2 (who actually 
followed methodology excluding resubmissions from 
Group A) is less than 0 with a confidence level of 
95%. Thus sample 2 precision results are 
significantly greater than sample 1.   
 
4.3 Analysis of Results 
 

The sample data collected is based on precision 
of the results of student performance on the 
assignment. Precision of the results is calculated 
based on the number of correct trends identified by 
each student versus number of total trends identified. 
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We found with a confidence level of 99% that 

the mean precision of sample 2 (actually followed 
methodology including resubmissions from Group A) 
is significantly greater than the mean precision of 
sample 1 (without methodology). Also, with a 
confidence level of 95%, mean precision of sample 2 
(actually followed methodology excluding 
resubmissions from Group A) is significantly greater 
than sample 1 (without methodology). Initial results 
are indeed promising.  

In our experiment initially we did not find a 
significant difference in precision results between 
Group A (R1: without methodology) and Group B 
(R2: entire group B with methodology). However, 
after a critical study of the results and the 
experimental methodology, we found that there are 
some variables that we were unable to account for in 
this first set of experiments.  For example, some 
students, even with the methodology, did not actually 
finish the assignment and reported only one or two 
out of three required emerging trends. 

To address this concern we held a focus group 
discussion with the students and determined that at 
least some of them decided to stop after putting in 
seven hours of time on the assignment. This gave us 
some confidence to use these partial results because 
we had explicitly directed the students to stop after 
seven hours. 

A second variable that we were unable to control 
was whether the students in group B actually 
followed the methodology. Based on the focus group 
discussion with the students we learned that despite 
the fact that they were required to follow the 
methodology, several of them had difficulty 
understanding it and did not follow the methodology 
at all. As a result, we performed a critical study of 
group B results, and were able to determine which 
students had actually followed the methodology.3 In 
future experiments we will modify our methods to 
take into account the usability of the methodology. 
 
5.0 Conclusion 
 

We have developed two methodologies for the 
manual detection of emerging trends. These two 
methodologies are based on our own intuition and 
domain knowledge in the manual identification and 
characterization of emerging trends. The first 
methodology exploits citation linkages and pruning 
methods to generate a document set for a trend of 
interest.  This trend set can then be expanded with the 
use of web-based repositories (INSPEC, etc.).  Trend 
                                                           
3 The assignment required students to log the steps 
they took to detect the emerging trends. 

emergence is validated through a series of thresholds.  
This methodology is still under development. 

The second methodology uses web-based 
resources and an algorithmic approach to identify 
incipient emerging trends.  We demonstrated at a 
confidence level of 99% that the use of this 
methodology improves the detection of incipient 
emerging trends. 

The development of these two manual 
methodologies for emerging trend detection has 
given us insight into different ways to characterize 
trends. We believe that we have taken important new 
steps towards understanding the emergence of trends. 
Our next step is to combine these two methodologies 
and perform a controlled usability study of the 
approach.  We expect these results to aid us in our 
efforts to improve the performance of our existing 
fully automatic trend detection algorithms [3, 4, 9, 
10, 13, 14]. 
 
6.0 Future Work 
 

The long-term goal of our research is to extend 
our previous work [3, 4, 9, 10, 13, 14] to develop a 
more sophisticated approach to the automatic 
detection of emerging trends using the methodologies 
presented in this paper.  We are also nearing 
completion of a multimedia-based interactive system 
for semi-automatic emerging trend detection as part 
of the CIMEL [20] prototype that employs emerging 
trends detection to enhance Computer Science 
education. Finally, we plan to add a visualization 
module to our existing fully automatic trend detection 
system as an extension to our previous work [3, 13]. 
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While (there are links to follow from the search engine retrieved pages <or> the desired number of trends has not been found)  
{            Make an empty list L2. // use this to store all candidate emerging trends.  
            Click on link = 1 // first link of interest in the search results 
             If (year page last modified == current year or (current year -1) or (current year –2)) 
            {    DO WHILE  a page of interest is found 

{ 
Make a list L1: 
     number of occurrences of  the term “main topic area” in the page : “main topic area” : m 
     number of occurrences of the helper words used to do the search in the   page : <helper term> : n 
If (m, n > 1) 
{ 

  The page is of interest. 
   

Add “main topic area” to L2 if it is a candidate emerging trend. 
List the frequency of occurrences of all the phrases in the page. 
Look for the phrases (except general phrases) with the highest frequency of occurrence.  Add them 
to L2 if they qualify as candidate emerging trends (use domain knowledge). 
Give special attention to the line (or paragraph) containing the word set : main topic area <and> 
helper  term. Add to the list L2, phrases appearing in that paragraph (or sentence) that are judged to 
be candidate emerging trends (use domain knowledge). 

          } 
Else 
{ 

     If (m > 1 && (find any other helper term in the page)) 
    { 
   The page is of interest. 
   Add “main topic area” to L2 if it is a candidate emerging trend. 

List the frequency of occurrences of all the phrases in the page. 
Look for the phrases (except general phrases) with the highest frequency of occurrence.  
Add them to L2 if they qualify as candidate emerging trends (use domain knowledge). 
Give special attention to the line (or paragraph) containing the word set : main topic area 
<and> helper  term. Add to the list L2, phrases appearing in that paragraph (or sentence) 
that are judged to be candidate emerging trends (use domain knowledge). 

     } 
  Else 
  { 

Add “main topic area” to L2 if it is a candidate emerging trend. 
List the frequency of occurrences of all the phrases in the page. 
Look for the phrases (except general phrases) with the highest frequency of occurrence.  
Add them to L2 if they qualify as candidate emerging trends (use domain knowledge). 
Give special attention to the line (or paragraph) containing the word set : main topic area 
<and> helper  term. Add to the list L2, phrases appearing in that paragraph (or sentence) 
that are judged to be as candidate emerging trends (use domain knowledge). 

 
If (found candidate emerging trend) 

   The page is of interest 
Else 

   Reject page.   
                } 

        } 
}  // Close Do While loop 

} // Close check year if statement 
Else  
{  

Perform an INSPEC database search to confirm that term is not emerging. Reject page.   
// An INSPEC database search should show an increasing number of documents referencing the term over 
the years if the candidate is truly an emerging trend. If not, it is not emerging. 

             } 
           Click on link++ or exit and proceed to Step 4  
    // click on next link of interest or exit and do step 4 
} 

Figure 7 


