               [image: image9.jpg]Pittsburgh
L Science of Learnlng
L. % Center &%

CarnegieMellon





3. Tag Helper

3.1 Basic Definition/ About

Earlier, the overview of this document described how the Basilica framework integrates Actors (which offer interactive instruction to students) and Filters (which monitor behavior and can be used to implement triggers for Actors).  TagHelper tools is designed to enable developers to develop Filters than can “listen in” on student conversations or other natural language input from students, such as short answers to open ended questions.  Thus, rather than being a tool for authoring interventions that offer interactive instruction themselves, as CTAT and TuTalk do, TagHelper tools is a tool for monitoring student behavior in search of key events that can be used to assess how closely it does or does not conform to expected standards, so that it is possible to offer educational interventions to students on an as-needed basis, rather than treating all students and all student groups as though they have identical needs.    
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Figure 23 This figure illustrates how TagHelper tools is able to classify instances of student behavior, such as individual chat contributions in a collaborative learning environment

Figure 1 illustrates how Filters built using TagHelper tools can be used to dynamically build a map of student behavior as it unfolds in real time.  Key events detected within this scope can then be used to trigger needed interventions.  One built in advantage of building environments using this design is that if a mistake is made in offering an intervention that results in a negative change in student behavior, this can be detected in the ongoing monitoring of student behavior, and compensated for using subsequent interventions.  In this way, TagHelper tools can play an important role in the development of self-adjusting dynamic instructional environments.

[image: image2.png]Labeled Texts

'S

TagHelper

Labeled Texts

Unlabeled Texts |

A

A Model that can Label More Texts ‘





Figure 24 This figure illustrates the process of building a Filter using TagHelper tools.  

Figure 2 briefly illustrates how TagHelper is used.  More details about use are described below in the step by step instructions.  In short, TagHelper tools uses machine learning and basic text extraction technology from the field of computational linguistics to detect patterns in student behavior, which may include language and other click data collected as students interact with an environment’s interface.  We refer to the process of identifying those rules as learning or training a model.  And we refer to the learned patterns as the model itself.  When that model is said to be applied to unlabeled instances of behavior, it can look for those patterns and thus make what can be thought of as an “educated guess” about the category that should be assigned to those instances.  We think of it as an educated guess because although the learning algorithms within TagHelper tools are designed to identify rules that have the highest likelihood of success based on the information that was available during the training process, they can make mistakes, especially on data that is very different in some way from the set of instances provided during training.

3.2 Example Applications

As an example of where TagHelper Tools has been used in an application, we refer to a collaborative environment in which students work together on a collaborative design task, and conversational agents implemented using TuTalk are triggered based on the topic of the discussion in order to encourage students to stop and reflect more deeply about the concepts they bring into the conversation.  Table 1 displays one such interaction between a pair of students and a tutor agent collected during a recent classroom study using VMT-Basilica where the task was for students to design a power plant.  

Table 1 Example Interaction from a classroom study where students worked together on a collaborative design task

	B6
	so i think the best thing to go with first is to increase the pressure entering the connector

	Tutor
	You might want to review what you saw earlier in the sensitivity analysis investigating the effect of changing P-max on steam quality and efficiency, from the top half of page 13 in your book.

	Tutor
	type: HELP WITH CHANGEPMAX if you want to discuss it with me.

	B1
	help with changepmax

	Tutor
	Remember the sensitivity analysis you have completed where you manipulated P-Max and observed it's effect on the efficiency of the cycle. You can refer to the figure that I have pasted onto your whiteboard for your convenience.  Having seen how changing P-Max, the Maximum Pressure at the Heater Inlet, effects efficiency and Steam, do you think as a general principle the Maximum pressure should be increased ?

	B6
	Yes

	Tutor
	So the Efficiency of a Cycle increases by increasing the maximum pressure of the cycle. In addition to the effect on efficiency, what happens to the steam quality at the turbine exit if you increase the maximum pressure of the cycle ?

	B6
	Decreases

	Tutor
	So let's think for a minute about these competing effects: Increasing P-Max makes the efficiency better but the steam quality degrades. Is the steam quality at the turbine exit acceptable at the maximum allowable pressure within safety limits?

	B6
	No

	Tutor
	How does having poor steam quality at the turbine exit effect the turbine blades ?

	B6
	makes up wear down

	Tutor
	The steam condenses on the turbine blades and leads to wear and tear. What is the minimal quality of steam that we want to maintain so that the damage to the turbine is not significant ?

	B6
	0.85

	Tutor
	Steam quality should be maintained above 0.85 to avoid any damage to turbines blades during operation. So we need to balance these concerns by increasing the maximum pressure, but not enough that the quality of the steam drops below the minimum value (0.85). Are there other limitations on increasing the maximum pressure at the heater inlet ?

	B6
	no?

	Tutor
	Can the devices and pipes in the cycle stand if we keep on increasing the pressure ?

	B6
	20000kPa

	Tutor
	Beyond a particular pressure, the pipes and devices in a cycle become unsafe at risk for accident. The maximum pressure at heater inlet should be within safety constraints of the material used. 

	B1
	so to what value do you want to change the pressure at s1?

	B1
	do we want to keep X of s3 above or below .85?

	B6
	Above

	B1
	so, if we want to increase p1 while keeping X3 above 0.85, what about 8500kpa as p1?


Notice in the conversation above that the tutor’s contributions are responsive to those of the students. Filters implemented using TagHelper tools are meant to identify meaningful patterns within the stream of activity produced by students as they interact with and through a client collaborative learning environment.  
In the interaction displayed above, TagHelper detects that students are discussing manipulating the maximum pressure of the thermodynamic cycle that forms the foundation for their power plan design.  The student turn that triggered this detected topic is the first student turn.  We then see in the next turn the initial prompt where the tutor invites the students to ask for help on the topic of changing the maximum pressure of the cycle.  In our experience, students are much more receptive to instruction from a tutor agent in the midst of their collaboration when it is well times with respect to their goals, and when they are given the option to choose to have that interaction or not. 
 In this case, notice that the tutor agent first suggests that the student reflect on a topic and then provides instructions for how the students can ask for that help.  The students are able to continue what they were talking about until they are ready to ask for the tutor’s help.  In this case, they ask right away.  This approach to tutor involvement was implemented using two separate filters and two separate actors within the Basilica paradigm.  First, a filter detects that the students are discussing a topic related to help the agent can offer.  Then an associated agent offers the help.  A second, independent filter waits for the student request.  
Finally, an actor in the form of a TuTalk agent delivers the interactive instruction.  Notice how the students build on the ideas discussed with the tutor after the interaction with the tutor agent ends.  In the final turns of the interaction after the tutor agent has completed its intervention, we see how the students reflect on the implications the discussion has for their design.
3.3 Installation/Setup

Start TagHelper tools by double clicking on the portal.bat icon in your TagHelperTools2 folder, which you will get when you unzip the archive. You will then see the following tool pallet :
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Figure 25  This figure displays the starting interface for TagHelper tools
The idea is that you will train a prediction model on your coded data and then apply that model to uncoded data.  To start that process, as we will discuss in the next section, click on Train New Models.
3.4 Basic Instructions
Step 1: Preparing the Data
The first step in using TagHelper tools is preparing your data.  Because we have observed the popular usage of Microsoft Excel as an environment in which researchers commonly do their corpus analysis work, we have adopted that as our standard file format. Note that the version of TagHelper that is publicly available at the time of writing this article is designed to work with pre-segmented English, German, or Chinese texts, although additional licensing is required for enabling the Chinese functionality.  We plan to add other languages as potential users express interest. In this section we illustrate the process by which an analyst can use TagHelper for an analysis task. Setting up the data for analysis is simple. As in the example in Figure 26 below, analysts can prepare their data by reading the text segments into a single column in an Excel worksheet. That column should be labeled “text”. Each column to its left will be treated as a dimension in the coding scheme. Additional columns to the right are treated as extra features that can be used in the predictive model, such as the context based features evaluated above. Wherever a “?” appears, the corresponding text will be treated as uncoded on the associated dimension, which TagHelper tools will code using a model trained from the coded examples. Any other value appearing in that column will be treated as a specific code. And the associated example will be treated as an example representing that code.

[image: image4.png]Codes Text Additional Features

& Allbimensions.xls

A B c D | E F G | H 1 J
1 soc atol rea quote pro epi text deepl  deep2  FSMstate
2 soc201 ? 2 quote0 pro.0  epi6  Michaels Etern demotivieren ihren Sohn 2 2 0

indem sie seine Misserfolge mit einer
mangelnden eigenen Begabung erklaeren die
| 3 soc201 ? ? quote.0  pro.0 epi.10 schon in der Familie liegen soll 2 2 0
Das geschaffte Schuljahr hat er wahrscheinlich
seiner Lehrerin zu verdanken die ihn zu

4 ? atol.149 rea.140 quote.0  pro.0 epi.15 groesserem eigenen Engagement motivierte 2 2 0
indem sie seinen Misserfolg auf variable
5 'soc.0 atol. 149  rea.0 quote.0  pro.0 epi.13 Ursachen seine Faulheit zurueckfuehrte 2 2 [

es st guenstig misserfolge auf variable ursachen
wie anstrengung zurueckzufuehren nicht aber

6 |2 atol 146 rea140 quote0 pro0 2 auf stabile wie mangelnde begabung 2 2 0
ps es stoert hoffentlich nicht dass ich alles
7 'soc.223 atol.0 rea 140 ? pro.0 epi.232  KLEIN schreibe 2 2 0

>>> Michaels Eltern demotivieren ihren Sohn
indem >>> sie seine Misserfolge mit einer
mangelnden eigenen >>> Begabung erklaeren
die schon in der Familie liegen soll >>> Das
geschaffte Schuljahr hat er wahrscheinlich >>>
seiner Lehrerin zu verdanken die ihn zu
groesserem >>> eigenen Engagement motivierte
indem sie seinen Misserfolg >>> auf variable
8 |soc.0  atol0  read 2 pro.0  epi0d Ursachen seine Faulheit zurueckfuehrte 3 2 1
9 soc.39 atol.0 rea.140 quote.0  pro.0 epi.228  der meinung bin ich auch gut gemacht 3 2 1
Ich denke dass die Eftern von Michael laut
Attributionstheorie nicht gerade guenstig reagiert
| 10 soc.201 atol.149 rea.140 quote.0 pro.0 epi.6 haben 2 2 0





Figure 26  Example file formatted for use in TagHelper tools

Step 2: Loading the Data

After the data has been prepared, it can then be loaded into TagHelper tools.  First, start up TagHelper by clicking on Portal.bat as we discussed in the Installation section.  Then click on the Train New Models button.  You will then see the Create File List interface that is displayed in Figure 27 below.  To add a file to the list, Click on Add a file.  That will bring up the file menu interface you see displayed in the same figure.  You can then navigate to the desired file, click on it, and then click Okay.  For this walk through, we will be using SimpleExample.xls, which is found in the sample_data directory that comes with TagHelper tools.
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Figure 27  This figure illustrates how to load a file in TagHelper tools
Step 3: Running a Simple Experiment

Once the data is prepared and loaded into TagHelper, a number of customizations can be performed that may affect the classification performance. The analyst can experiment with these different options to find a setting that works well with their data.  But simple experiments can be run keeping the default settings.  In that case, simply click on the Go! button that is displayed at the bottom of the Create File List interface.  What will happen when you do this is that a model will be trained using all of the coded examples from the data set that will then be used to apply labels to any uncoded examples in that set.  With the coded data, it will also use a technique referred to as cross-validation to estimate the level of performance that can be expected of the trained model on unseen data.    
Step 4: Running a More Complex Experiment
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Figure 28  Close up of Create File List interface
If you click on the >> Options button, you will have the opportunity to modify TagHelper’s default settings for feature extraction, feature selection, machine learning, and optimization techniques.

TagHelper tools is an application that makes use of the functionality provided by the Weka toolkit (Witten & Frank, 2005). In order to use the customizations available in TagHelper tools purposefully it is important to understand that machine learning algorithms induce rules based on patterns found in structured data representations. Internally, each row of the input file provided to TagHelper will be converted into what is known as an instance inside of Weka. An instance is a single data point. It is composed of a list of attribute-value pairs. An analyst has two types of options in customizing the behavior of TagHelper. One is to manipulate the structured representation of the text, and the other is to manipulate the selection of the machine learning algorithm. These two choices are not entirely independent of one another. An insightful machine learning practitioner will think about how the representation of their data will interact with the properties of the algorithm they select. Interested readers are encouraged to read Witten and Frank’s (2005) book, which provides a comprehensive introduction to the practical side of the field of machine learning.  Interested readers may also contact the first author about enrolling in a distance course that provides both conceptual instruction as well as mentoring on the process of using this technology in ones own work.
The first customization that analysts may manipulate in TagHelper is the selection of the machine learning algorithm that will be used. Dozens of options are made available through the Weka toolkit, but some are more commonly used than others. The three options that are most recommended to analysts starting out with machine learning are Naïve Bayes (NB), which is a probabilistic model, SMO, which is Weka’s implementation of Support Vector Machines, and J48, which is one of Weka’s implementations of a Decision Tree (DT) learner. SMO is considered state-of-the-art for text classification, so we expect that analysts will frequently find that to be the best choice.   The algorithm can be selected by clicking on the Choose button at the top left corner of the Options interface displayed in Figure 29.
The remaining customization options affect the design of the attribute space. The standard attribute space is set up with one binary attribute per unique word in the corpus such that if that word occurs in a text, its corresponding attribute will get a value of 1, otherwise it will get a value of 0. Other features may be added, or the baseline features may be modified or paired down, in order to bias the algorithms to learn rules that are more valid or conceptually more closely related to the definitions of the target categories.
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Figure 29  Interface for customizing TagHelper's settings for feature extraction, feature selection, machine learning, and optimization
Here is a description of the options you have readily available to you:
·  Punctuation. Punctuation may be stripped out of the attribute space, or it can be used as a feature. Sometimes punctuation can be a useful predictor. For example, punctuation can be a proxy for the mood of a text, distinguishing questions like “you think the answer is that Michael does not like math?” from statements like “you think the answer is that Michael does not like math.” It can also be a marker of uncertainty. Furthermore, the inclusion of a comma might mark that a contribution is relatively more elaborated than one without a comma.

· Unigrams and bigrams. A unigram is a single word, and a bigram is a pair of words that appear next to one another. Unigrams are the most typical type of text feature. Bigrams may carry more information. They capture certain lexical distinctions such as the difference in meaning of the word internal between “internal attribution” and “internal turmoil”.

· POS bigrams. Part-of-speech bigrams are similar to the word bigrams discussed above except that instead of pairs of words, they are pairs of grammatical categories. They can be used as proxies for aspects of syntactic structure. Thus, they may be able to capture some stylistic information such as the distinction between “the answer, which is …” vs “which is the answer”.

· Line length. Often times lengthy contributions in chat data contain elaborated explanations, which are important to detect in learning science research. Thus, length of contribution can sometimes serve as a proxy for depth or level of detail.

· Contains non-stop word. This flag can be a predictor of whether a conversational contribution is contentful or not, which can be useful when processing chat data rather than newsgroup style data. For example, making a distinction between contributions like “ok sure” versus “the attribution is internal and stable”. Often the categories that are appropriate for non-contentful contributions are distinct from those that apply to contentful ones. So this can be a useful distinguishing characteristic.

· Stemming. Stemming is a technique for removing inflection from words in order to allow some forms of generalization across lexical items, for example the words stable, stability, and stabilization all have the same lexical root.

· Rare words. Removing rarely occurring features is a simple way of stripping off features that are not likely to contribute to useful generalizations. This keeps the size of the feature space down, which aids in effective rule learning.
· After you are happy with your selections, you can click the OK button, which will return you to the interface where you can click on the Go! button.               
Step 5: Evaluating the Results of an Experiment

Once you have run an experiment, you can find the output in the OUTPUT folder.  There will be a text file named Eval_[name of coding dimension]_[name of input file].txt.  This is a performance report.  There will also be a file named [name of input file]_OUTPUT.xls. This is the coded output.

Sometimes you will run a whole series of experiments, and in that case, it will be useful to distinguish the files generated from the different experimental rounds.  You can distinguish the files by inserting some distinguishing text for each round in the Output file prefix slot on the Create File List interface.  If you use the Output file prefix, the text you enter will be prepended to the output files.  So, for example, there will be a text file named [prefix]_Eval_[name of coding dimension]_[name of input file].txt.  There will also be a file named [prefix]_[name of input file]_OUTPUT.xls.
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