
Can an Intelligent Tutoring System Predict Math 
Proficiency as Well as a Standardized Test?  

Mingyu Feng1, Joseph Beck1, Neil Heffernan1, and Kenneth Koedinger2 
1 Department of Computer Science, Worcester Polytechnic Institute 

2 Human Computer Interaction Institute, Carnegie Mellon University 
 

Abstract. It has been reported in previous work that students’ online tutoring 
data collected from intelligent tutoring systems can be used to build models to 
predict actual state test scores. In this paper, we replicated a previous study to 
model students’ math proficiency by taking into consideration students’ 
response data during the tutoring session and their help-seeking behavior. To 
extend our previous work, we propose a new method of using students test 
scores from multiple years (referred to as cross-year data) for determining 
whether a student model is as good as the standardized test to which it is 
compared at estimating student math proficiency. We show that our model can 
do as well as a standardized test. We show that what we assess has prediction 
ability two years later. We stress that the contribution of the paper is the 
methodology of using student cross-year state test score to evaluate a student 
model against a standardized test.  

1 Introduction  

In many states there are concerns about poor student performance on new high-stakes 
standards-based tests that are required by No Child Left Behind (NCLB). For instance, 
the Massachusetts Comprehensive Assessment System (MCAS) administers rigorous 
standardized tests in English, math, history and science in grades 3–12. Students need to 
pass the math and English portions of the 10th grade versions in order to get a high 
school diploma without further remediation. In 2003, a full 10% of high school seniors 
were predicted to be denied a high school diploma due to having failed to pass the test on 
their fourth try. Moreover, the state of Massachusetts has singled out student performance 
on the 8th grade math test as an area of highest need for improvement1. Partly in response 
to this pressure, and partly because teachers, parents, and other stakeholders want and 
need more immediate feedback about how students are doing, there has recently been 
intense interest in predicting student performance on end-of-year tests [12]. Some 
teachers make extensive use of practice tests and released test items to help identify 
learning deficits for individual students and the class as a whole. However, such 
formative assessments not only require great effort and dedication, but they also take 
valuable time away from instruction. Some online testing systems (such as Renaissance 
Learning2) automatically grade students and provide reports but they may not be 
informative as they do not maintain sufficiently rich data records for students and 
therefore cannot report on a fine-grained model of student knowledge.  

                                                 

1 http://www.doe.mass.edu/mcas/2002/results/summary.pdf 
2 www.renlearn.com 



The ASSISTment system (http://www.assistment.org) is an attempt to blend the positive 
features of both computer-based tutoring and benchmark testing. It helps students to work 
through tough problem by breaking the problem into steps; meanwhile, it collects data 
related to different aspects of student performance such as accuracy, speed, help-seeking 
behavior and attempts as students interact with the system. Based on the rich source of 
data, various reports (e.g. [10]), for individual students and for groups, have been 
developed to help teachers and other stakeholders to better understand students’ 
performance and progress. Furthermore, we have done research (e.g. [1], [2], [8], [9]) to 
train models that use the ASSISTment metrics  to accurately predict state test scores.  

In this paper, we replicated the study in [8] to model students’ math proficiency for 
Spring 2005 by taking into consideration students’ response data during the tutoring 
session and their help-seeking behavior. Among these studies on modeling student 
proficiency, different criteria have been used to evaluate the effectiveness of the student 
models. For instance, Beck & Sison [3] used relative closeness to real scores and mean 
absolute error (MAE); Anozie & Junker ([1]) evaluated their model using mean absolute 
deviation (MAD) which is essentially the same as MAE. Feng, Heffernan & Koedinger 
([8]) reported R square and Bayesian Information Criterion (BIC) of the models we fitted. 
In this paper, we propose a new method of using students’ cross-year test scores (from 
the year 2007) to evaluate the effectiveness of the student model on predicting student 
math proficiency. We will compare our prediction with the 2005 MCAS test on how well 
each correlated with the 2007 MCAS scores, assuming student math proficiency at 8th 
grade and at 10th grade are highly correlated with each other. The paper will be organized 
as follows. We will briefly describe the ASSISTment system in section 2 and then in 
section 3 present our approach, including the data we used for this study, the modeling 
process and the results.  The analysis of the results will be discussed in the fourth section. 
Finally, we conclude in section 5 and bring up some future work.  

2 ASSISTment - The Intelligent Tutoring System 

Traditionally, the areas of testing (i.e. Psychometrics) and instruction (i.e., math 
educational research and instructional technology research) have been separate fields of 
research with their own goals. To address this issue, we built a web based e-learning 
system that integrates assistance and assessment. The system, named ASSISTment (e.g. 
[14], [15]), was built to offer instruction to students while providing a more detailed 
evaluation of their abilities to the teacher than is possible under current approaches. The 
key feature of ASSISTments is that they provide instructional support (i.e. assistance) in 
the process of assessing students. In Massachusetts, the state department of education has 
released ten years (1998-2007) worth of MCAS test items, over 300 items, which we 
have turned into ASSISTments by adding “tutoring.” If students get an item (called the 
original question) correct they will be given a new item. If they get it wrong, they are 
provided with a small “tutoring” session where they are forced to answer a few (3 ~ 5) 
questions (called scaffolding questions) that break the problem down into steps to 
eventually get the problem correct. Students are allowed to ask for hints when they 
encounter difficulty answering a question. Although the system is web-based and hence 
accessible in principle anywhere/anytime, students typically interact with the system 
during one class period in the schools’ computer labs every three or four weeks. As 



students interact with the system, the background logging system collects detailed data of 
student responses. The hypothesis is that ASSISTments can do a better job of assessing 
student knowledge limitations than practice tests or other online testing approaches by 
using a “dynamic assessment” approach based on the data collected online. In particular, 
ASSISTments use the amount and nature of the assistance that students receive as a way 
to judge the extent of student knowledge limitations.  

3 Approach 

3.1 Data Source 

The data we consider comes from the 2004 – 2005 school year, the first full year in which 
the ASSISTment system was used in classes in two middle schools in Massachusetts. The 
data set contains online interaction data of 417 8th grade students from the ASSISTment 
system, the results of 8th grade MCAS tests taken in May, 2005 and the results of 10th 
grade MCAS tests taken by the same group of students two years later, in May, 2007.  
Since the purpose of this study is comparing the prediction power of ASSISTment with 
MCAS and there are 39 questions in the MCAS tests, we excluded the data of the 25 
students who have done fewer than 39 questions in ASSISTments. The 392 students in 
the final data set on average have worked in the system for around 7 days (one session 
per day) with 40 minutes of practice per session. They finished 147 items on average 
(standard deviation = 60 items) and at maximum 319 items. 

In this paper, student models will be built based on the online data to predict student math 
proficiency at the end of the school year 2004-2005 as measured by the 2005 MCAS test 
scores. And we will evaluate our prediction against the 2007 MCAS test to answer the 
research question: Can we model student proficiency as well as the standardized test?   

3.2 Modeling 

Our effort on predicting student math proficiency starts from a “lean” model, an Item 
Response Theory (IRT)-style ([7], [16]) model within the ASSISTment dataset only. As a 
start place, we used one-parameter IRT model (the Rasch model3), the straightforward 
model with just student proficiency and item difficulty parameters (and only on original 
questions). To train the lean model, we used a data set of all data collected in the 
ASSISTment system from Sept., 2004 to Jan., 2008, including responses to 2,797 items 
(only on original questions) from 14,274 students. By including more student response 
data, we hope to acquire a more reliable estimate of the parameters. We fitted the model 
in BILOG-MG 3.04 and added an extra column in the data set that we described in 
Section 3.1 to record the student proficiency estimates for the 392 students.  

                                                 
3 In the Rasch model, the probability of a specified response is modeled as a logistic function of the difference between 

the person and item parameter. In educational tests, item parameters pertain to the difficulty of items while person 
parameters pertain to the ability or attainment level of people who are assessed. 

4 http://www.scienceplus.nl/scienceplus/main/softwareshop/bilogmg.jsp 



The lean model accounts for how students performed on the original questions but totally 
ignores how students interacted with the system. Much work has been done in the past 10 
years or so on developing “online testing metrics” for dynamic testing (or dynamic 
assessment) [11] to supplement accuracy data (wrong/right scores) for characterizing 
student proficiency. Researchers have been interested in trying to get more assessment 
value by comparing traditional assessment (students getting an item marked wrong or 
even getting partial credit) with a measure that shows how much help they needed. 
Bryant, Brown and Campione ([4]) compared traditional testing paradigms against a 
dynamic testing paradigm. Grigorenko and Sternberg ([11]) reviewed relevant literature 
on the topic and expressed enthusiasm for the idea. In the dynamic testing paradigm, a 
student would be presented with an item and when the student appeared to not be making 
progress, would be given a prewritten hint. If the student was still not making progress, 
another prewritten hint was presented and the process was repeated. In Bryant, Brown 
and Campione’s study they wanted to predict learning gains between pretest and posttest. 
They found that student’s predicted learning gains were not correlated (R = 0.45) with 
static ability score as well as their “dynamic testing” (R = 0.60) score. It was suggested 
that this method could be effectively done by computer. Feng, Heffernan & Koedinger 
([8]) continued the dynamic testing approach and developed a group of metrics that 
measures students’ accuracy, speed, attempts and help-seeking behavior. We reused these 
metrics in this study. Namely, the metrics are:  

• ORIGINAL_COUNT - the number of original items students have done. This 
measures students' attendance and on-task-ness. This measure also reflects 
students' knowledge since better students have a higher potential to finish more 
items in the same period of time.  

• PERCENT_CORRECT - students' percent correct over all questions (both 
original items and scaffolding questions). In addition to original items, students' 
performance on scaffolding questions is also a reasonable reflection of their 
knowledge. For instance, students who failed on original items simply because of 
their lack of ability of forming problem-solving strategies will probably answer 
all scaffolding questions correctly. 

• QUESTION_COUNT - the number of questions (both original items and 
scaffolding questions) students have finished. Similar to ORIGINAL_COUNT, 
this is also a measure of attendance and knowledge but given the fact that 
scaffolding questions show up only if students failed the original question, it is 
not obvious how this measure will correlate with students' MCAS scores. 

• HINT_REQUEST_COUNT - how many times students have asked for hints. 
• AVG_HINT_REQUEST - the average number of hint requests per question. 
• HINT_COUNT - the total number of hints students got. 
• AVG_HINT_COUNT - the number of hint messages students got averaged over 

all questions 



• BOTTOM-OUT_HINT_COUNT - the total number of bottom-out5 hint messages 
students got. 

• AVG_BOTTOM_HINT - the average number of bottom-out hint messages 
students got. 

• ATTEMPT_COUNT - the total number of attempts students made. 
• AVG_ATTEMPT - the average number of attempts students made for each 

question. 
• AVG_ITEM_TIME - on average, how long does it take for students to finish a 

problem (including all scaffolding questions if students answered the original 
questions incorrectly). 

• AVG_QUESTION_TIME - on average, how long does it take for a student to 
answer a question, measured in seconds. 

• TOTAL_MINUTES - how many total minutes students have been working on 
items in the ASSISTment system. Just like ORIGINAL_COUNT, this metric is an 
indicator of the attendance.  

The ten measures from HINT_REQUEST_COUNT to AVG_QUESTION_TIME in the 
above list are generally all ASSISTment style metrics (or the assistance metrics), which 
indicate the amount of assistance students need to finish problems and the amount of time 
they spend to finish items. Therefore, the hypothesis is that all these measures would be 
negatively correlated with MCAS scores.  

Now that we have the online metrics, we ran a backwards regression analysis (F > .10) to 
predict 2005 MCAS test scores. In addition to the metrics themselves, quadratic terms 
and interaction between the metrics are all introduced into the model initially to address 
the fact that there may exist non-linear relationships between the test score and the online 
metrics. We will refer to this model as the online model.  

We did not include student percent correct on original questions here as it is a static 
metric that mimics paper practice tests by scoring students as either correct or incorrect 
on each item. The student proficiency parameter estimated by the lean model will work 
for the purpose of scoring students plus the advantage that it takes into consideration the 
fact that item difficulty varies. Therefore, in the next step, we combine the proficiency 
parameter with the online metrics together and fit another model in SPSS by doing 
backwards regression (F > .10). We name this model the mixed model.  

Thus, we have constructed three models: the lean model, the online model, and the mixed 
model and each model addresses different aspects of student performance. In the next 
section, we will evaluate the models.  

                                                 
5 Since the ASSISTment system does not allow students to skip problems, to prevent students from being stuck, most questions in the 

system were built such that the last hint message almost always reveals the correct answer. This message is referred to as "Bottom-
out" hint. 



3.3 Evaluating results using data from multiple years 

Many works (e.g. [1, 2, 8, 9]) have been done to build student models to estimate end-of-
year MCAS test scores and predicted scores were compared with actual 2005 MCAS test 
scores to calculate MAD which was used as the measure to evaluate the student models. 
In Table 1, we summarize the three regression models and present MAD of each model.    

Table 1: Model summary 

Model   MAD R 
Square BIC* 

#variables 
entered final 

model 

Correlation with 
8th grade MCAS 

The lean model / .731 
The online model 4.76 .786 -437 28 .865 
The mixed model 4.61 .794 -470 25 .871 

*BIC: Bayesian Information Criteria, using the formula for linear regression models introduced in  [13]. 

First of all, all of the correlation coefficients in the rightmost column in Table 1 are 
reliably different from zero, which indicate the data collected within the ASSISTment 
system can accurately predict student math proficiency at the end of the year. The lean 
model does not correlate with MCAS score as well as the online model, which indicated 
that student math proficiency can be better estimated by adding in features reflecting 
student assistance, effort, attendance, etc. The result is consistent with [8]. Additionally 
we can improve our prediction of MCAS score further by combining the student 
proficiency parameter together with the online metrics in the mixed model. The 
improvement is statistically reliably in terms of BIC6 while the difference between the 
correlations is not significant. 

A MAD equal to 4.61 is about 8.5% of the total score of the 8th grade MCAS math test, 
which is not bad. But should we be satisfied or we should push even harder until we can 
get a MAD of zero? An important question is what a good comparison should be. One 
reasonable thing to do is to compare to the MCAS, the standardized test itself. Ideally, we 
wanted to see how good one MCAS test was at predicting another MCAS test. We 
probably should not hope to do better than that. (But considering there is measurement 
error in the MCAS test, maybe we can!). We ran a simulation study by randomly splitting 
one test into two halves and used student scores on one half to predict the second half [9]. 
They reported MAD of 1.89 that is 11% of the maximum score on half of the test.  Since 
their prediction error in [9] is very close to 11%, they claimed that their approach did as 
well as MCAS test on predicting math proficiency. In this paper, we propose a different 
approach to use student cross-year data for determining whether a student model is as 
good as the standardized test at estimating student proficiency. Assume student math 
proficiency in the 8th grade and in the 10th grade are highly correlated. Since the 
                                                 
6 Raftery [[13] discussed a Bayesian model selection procedure, in which the author proposed the heuristic of a BIC 

difference of 10 is about the same as getting a p-value of p = 0.05 
 



measurement error is relatively independent due to the two years time interval between 
the tests, therefore, whichever (our student model or the MCAS test) better predicts 10th 
grade MCAS score is better assessing student  math skill at 8th grade.  

Let define MCAS8’ be the leave-one-out7 predicted score for 8th grade MCAS that comes 
from our best student model, the mixed model; MCAS8 be the actual 8th grade MCAS 
score and MCAS10 be the actual 10th grade MCAS score. Then we asked the question: 
Can MCAS8’ predict MCAS10 better than MCAS8 does? To answer the question, we 
calculated the correlation between the three metrics: MCAS8’, MCAS8 and MCAS10, as 
presented in Figure 1. 

MCAS10: 10th grade MCAS score

MCAS8’:  our prediction of 8th grade MCAS score using online metrics and student proficiency

MCAS8: 8th grade MCAS score

Real MCAS8 MCAS10
r = 0.731

MCAS8’

r = 0.871
r = 0.728

Online metrics

IRT proficiency estimate

IRT proficiency estimate

predicts

r = 0.731
r = 0.628

 
Figure 1: Correlation between IRT student proficiency estimate, MCAS8’, MCAS8 and MCAS10 

First of all, we want to point out that all correlations in Figure 1 are statistically reliable 
(p < 0.001). The student proficiency estimated by the lean model correlates with 
MCAS10 with r equal to .628. It does not do as well as MCAS8 and MCAS8’ as we have 
expected. Even though, we think it is worth finding out and having this lean model, 
which is based on less data, as a contrast case. It is the most direct test of the question of 
whether ASSISTment use could essentially replace the 8th grade test. Both MCAS8 and 
MCAS8’ are reliable predictors of MCAS10. MCAS8 correlates with MCAS10 with r 
equal to 0.731 while the correlation between MCAS8’ and MCAS10 is fractionally lower 
(r = 0.728). A significance test8 shows they are not statistically reliably different, which 
suggests that our student model can do as well as MCAS test on predicting the MCAS 
score two years later. Since both MCAS tests are measuring the student’s math 
proficiency, it can be considered as the evidence that the student model is doing a good 
job estimating student math proficiency. At the very least, what our system is modeling is 
relatively stable across a two-year interval.  
                                                 
7 The adjusted predicted score is calculated by doing “leave-one-out” cross validation in SPSS.  
8 The test is done online at http://www.quantitativeskills.com/sisa/statistics/correl.htm 

the same metric



4 Discussion 

There has been a big interest on modeling student knowledge. Corbett & Bhatnagar [6] 
describes an early and successful effort to increase the predictive validity of student 
modeling in the ACT Programming Tutor (APT). They used assessments from a series of 
short tests to adjust the knowledge tracing process in the tutor and more accurately 
predict individual differences among students in the post test. Beck & Sison [3] used 
knowledge tracing to construct a student model that can predict student performance at 
both coarse- (overall proficiency) and fine-grained (for a particular word in the reading 
tutor) sizes. Anozie & Junker [1] pursued a rather different approach, looking at the 
changing influence of online ASSISTment metrics on MCAS performance over time. 
They computed monthly summaries of online metrics similar to those developed in [8], 
and built several linear prediction models, predicting end-of-year raw MCAS scores for 
each month. In [8] we developed the metrics as listed in section 3.2 to measure the 
amount of assistance a student needs to solve a problem, how fast a student can solve a 
problem, etc. and showed these metrics helped us better assess students. The result in this 
paper reinforced our previous result as evaluated by a different approach.  

In section 3, we describe the method of using student test data from multiple years to 
compare a student model to a standardized test. Two other approaches have been 
described in the literature. In [3], Beck & Sison found 3 tests that measures extremely 
similar constructs to the standardized test that they were interested in. They took the 
arithmetic mean of those tests as a proxy measure for the true score on the original 
measure. The pro of this method is that it can be done quickly while the con is that 
construct validity could be an issue. In [9], we ran a simulation study by “splitting” a 
standardized test into two parts and the prediction power of the standardized test (actually 
a half of the standardized test) is determined by how well student performance on one 
half of the test predicts their performance on the other half. Similarly to the “proxy” 
measure method in [3], the pro of the “splitting” method is the quickness but it also has 
some cons. Firstly, if there is measurement error for a particular day (e.g. a student is 
somewhat ill or just tired), then splitting the test in half will produce a correlated 
measurement error in both halves, artificially increasing the test's reliability relative to the 
measure we bring up in this paper (which is not based on data from the same day as the 
MCAS).  Secondly, to do the splitting, it required assess to item level data which is not 
always available. In this paper, we propose a third method, which is a longitudinal 
approach. By going across years, we avoid this confound with measurement error, and 
get a fairer baseline. Though, we do admit that it takes longer time and harder effort to 
collect data across years (in our case, 3 years).   

5 Future work and Conclusions 

We will continue working on improving the online assistance metrics. For instance, since 
the number of hints available is different across problems and the amount of information 
released in each level of hint differs too, instead of simply summing-up or computing the 
mean value, we want to construct some weighting function to better measure the amount 
of assistance students requested to solve a problem. Another piece of work follows up is 
to predict fine grained knowledge across years. Since our model is clearly capturing 



something that is predictive of student future performance, we are considering focusing 
on determining what predicts specific deficits in an area. The research question we want 
to answer will be: can an 8th grade student model be used to predict the student will have 
a problem with a specific 10th grade skill? Teachers will be glad to know the answer so 
that they can adjust their instruction to better help student knowledge learning. 

In this paper, we replicated the study in [8], showing the online ASSISTment metrics are 
doing a good job at predicting student math proficiency. On top of that, we propose a new 
method for evaluating the predictive accuracy of a student model relative to the 
standardized test, using student standardized test scores across years (2005 through 
2007). We found some evidence that we can model student math proficiency as well as 
the standardized test as measured by the new evaluation criterion. Additionally, we want 
to stress that this is a rather long-term prediction. The collection of the online data started 
in September, 2004; the 8th grade MCAS score that we are predicting came in at the end 
of year 2005; while the 10th grade MCAS score that we used to evaluate our prediction 
were available at the end of year 2007. We consider the new method as a main 
contribution of this paper as there are few results showing a student model is as good as a 
standardized test. We have shown that our model hits this level and have presented an 
alternative way of performing the comparison.   
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