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Data Analysis and Results 

 The comparison of data groups in this study was accomplished through the use of 2-tailed 

T-test.  For this study, all of the t-tests were done at a 95% confidence level (alpha = 0.05).  The 

charts I’ve used for data comparison make use of error bars at the top of each data column.  The 

error bars represent the uncertainty in the mean.  I also used normalized gains to compare 

separate data groups.  Normalized gains are a way of ‘leveling the playing field’ by measuring 

the difference in pretest to posttest scores divided by the maximum possible score.  Other 

researchers use normalized gains in their data, so I will be able to compare my results to these 

researchers’ data as well. Normalized gains will be found using the following equation:     

 

      Equation 1: Normalized Gains.   

 To see if one group had more previous knowledge than the other group, I first evaluated 

the similarity in my prediction group and demonstration group.  This was accomplished by 

comparing pretest scores on both the FMCE and the Tug-K (Figure 6 & 7) for the two groups.  

Figure 6 shows the pretest percentage scores on the FMCE, with error bars, to be overlapping 

enough to be similar.  The predicting group’s mean percentage score on the pretest was           

15% ± 1%.  The demonstration groups mean percentage score on the pretest was 14% ± 1%.   A 

t-test of FMCE pretest scores confirms this with a p-value = 0.54, the initial data are statistically 

similar.  Figure 7 shows the error bars pretest percentage scores on the Tug-K also to be 

overlapping enough to be considered similar.  On the Tug-K, the prediction group’s pretests had 

a mean percentage correct score of 12% ± 2%.  The demonstration group’s pretest mean 

percentage score was 10% ± 2%.   A t-test of these Tug-K scores confirms the two groups are 



 

18 
 

statistically the same with a p-value = 0.60.  I can now say my predicting and demonstration 

groups are statistically the same and have similar conceptual knowledge and graphing ability on 

kinematic graphs before my study began.   

  

 

                   Figure 6: Percentage of correct scores on the FMCE pretest, mid-year test  

      and of year test for the Predicting and Demonstration Groups.  A score 

     consistent with random guessing is indicated by a dashed line. 

  

 At the end of the first semester (December), both groups were again given the FMCE and 

Tug-K to test for gains in knowledge.  Figure 6 shows the results of the average percentage of 

correct scores for the FMCE pretest, posttest in December and end of year test.  A comparison of 

the predicting group’s posttest scores to pretest scores shows there was a gain in knowledge from 

the initial test.  The prediction group had a posttest score of 19% ± 1% and a pretest score of 

15% ± 1%.  A p-value = 0.006 confirms a statistical difference.  The demonstration group had a 

posttest score of 18% ± 1% and a pretest scores 14% ± 1%.  A statistical difference in scores is 

confirmed with a p-value = 0.005.  Both groups showed a gain in knowledge over their pretest 

scores.   
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 I also gave the FMCE again as an end of year test in April.  During this time no material 

pertaining to the two assessment tests was covered.  From Figure 6, there is no difference in 

scores from December’s test to April’s test.  The prediction class’s end of year posttest has a 

mean of 19% ± 1% and an initial pretest score of 15% ± 1%. A p-value = 0.005 indicates a 

statistical difference in the two values.  The demonstration group’s end of year posttest score of 

19% ± 1% compared to the pretest score of 14% ± 1% gives a p-value of 0.0002.  The numbers 

indicate that both groups still had a higher understanding over the pretest scores. 

 Both groups also started out with pretest scores below the random guessing threshold.  

This does not mean the students can’t perform any better than someone who is randomly 

guessing.  They are proving they don’t understand the material yet and are performing no better 

than someone who does randomly guess.  By the midyear posttest the test scores did rise above 

the random guessing threshold.   

           
 

      Figure 7: Percentage of correct scores on the Tug-K pretest and posttest  

for the Predicting and Demonstration Groups. A score consistent 

with random guessing is indicated by a dashed line. 
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 Figure 7 gives the results of the average percentage of correct scores for the Tug-K 

pretest and posttest. The predicting group had a mean percentage pretest score of 12% ± 2%.  

The posttest score for the predicting group was also 12% ± 2%.   A p-value = 1.0 for the 

predicting group confirms there is no statistical difference from pretest to posttest.  The 

demonstration group had a mean percentage pretest score of 10% ± 2% and a posttest score of 

16% ± 3%.  These scores have a p-value = 0.053 for the demonstration group, confirms that there 

is no statistical difference.  On the Tug-K neither group did any better on the posttest than they 

did on the initial pretest.   

 The percentage of correct scores for both group’s pre and posttest on the Tug-K is noted 

to be significantly below the random guessing threshold.  Again, this does not indicate the 

students are bad at random guessing but that they are holding on to an incorrect belief as to what 

the right answer is.  I believe my students are still holding on to some misconception in graphing 

and it is keeping them from picking the correct answer.  I could be that they are looking for an 

answer resembling a picture of the motion.  They may not even understand what the questions 

are asking them to find. 

 Figure 8 gives a comparison of the normalized gains for on the FMCE for the predicting 

and demonstration groups. The predicting group had a normalized gain of 5% ± 1% and the 

demonstration group normalized gain was 5% ± 2%, so no statistical difference is apparent.  The 

gains are also significantly lower than the 80% gains obtained by Thornton and Sokoloff (1997) 

or even the 31-50% gains from Sharma et al. on the FMCE (2010).  Their use of the full ILD 

process, with discussion, seems to be an important step.  I am also not teaching college level 

students.  My students are in a very rural public high school.  
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 Figure 8 shows a comparison of the normalized gains experienced on the Tug-K for the 

predicting and demonstration groups.  The predicting group’s normalized gain was -1 ± 3% and 

the demonstration group gain was 7% ± 2%.  A p-value = 0.057 indicates that there is no 

statistical difference in the two groups.    

 

Figure 8:  Average percentage of normalized gains on the FMCE and Tug-K 

for the Predicting group and Demonstration Group.  FMCE: n = 21 predicting 

and n = 26 demonstration.  Tug-K: n = 16 predicting and n = 20 demonstration. 

 

 I also wanted to see if I could detect any gender differences in these results.  According to 

Lorenzo et all, (2006) the gender gap should get smaller with increased student engagement.  

Figure 9 shows the difference in gender scores for the prediction and demonstration group on the 

FMCE.  All the statistical values for these groups are listed in Table 2.  Pretest scores in both 

groups seem higher for the females in each groups pretest than the males.  Research data suggest 

that males generally score 13% higher on pretest scores than females on mechanic based test like 

the FMCE (Madsen et al., 2013).  In the predicting, group a t-test between the females mean 

score 17% ± 1% (pretest) and the males mean score 12% ± 1% (pretest), has a p-value = .01.  

Contrary to other research, these females have higher pretest scores than the males. We are only 
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dealing with a sample size of around ten for the males and females in the predicting group, so 

these differences may not be significant. 

 

 
 

Figure 9: Female and Male percent scores on the FMCE.  Pretest and posttest 

scores are given for each gender in the Predicting and Demonstration groups. 

 

Table 2: Statistical values for FMCE scores for males and females.   

  FMCE Males Females 

  Statistical value pretest posttest N-gains pretest posttest N-gains 

P
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d
ic

ti
n
g

 Mean 12% 20% 8% 17% 18% 1% 

Standard 

Deviation 4% 4% 6% 4% 6% 8% 

Count 11 11 11 10 10 10 

Uncertainty 1% 1% 2% 1% 2% 3% 
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o
n

 Mean 13% 20% 8% 14% 18% 4% 

Standard 

Deviation 6% 9% 10% 4% 6% 8% 

Count 6 6 6 20 20 20 

Uncertainty 2% 4% 4% 1% 1% 2% 
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  Posttest scores were also compared.  Research suggests that the gender gap on 

posttest scores is approximately 12% on mechanic based test, such as the FMCE, FCI or MBT 

(Madsen et al., 2013).  In this study all posttest scores are similar in value. The only significant 

increase over the pretest came from the males in the predicting group.  These males had a 

posttest score of 20% ± 1% and a pretest score of 12% ± 1%.  A p-value = 0.0003 shows these 

scores to be significantly different.  An ANOVA was also performed on the two groups.  The 

pretest ANOVA gave a p-value = 0.048, indicating a difference in the groups.  The ANOVA for 

the posttest scores gave a p-value = 0.8, indicating no difference.   I must emphasis that in this 

data we are dealing with a very low sample population.  Trying to make statistical sense with 

sample sizes of six or ten is not going to be very fruitful.   

 A comparison (Figure 10) of normalized gains for the genders for each group shows the 

only significant gain came from males in the predicting group, 8% ± 2, over the females in the 

predicting groups, 1% ± 3. This is confirmed with a p-value = 0.02.  However, we are again 

dealing with very low sample sizes.  This 6% gain is where Madsen et al. list the gender gap for 

mechanic based test such as the FMCE, FCI or MBT (Madsen et al., 2013).  These sample sizes 

are so low the 6% difference may not be real.  All other comparisons of gains are statistically the 

same.  One gender does not stand out from the others in any group in terms of gains on the 

FMCE.   



 

24 
 

 

Figure 10: Normalized gains on FMCE broken down by gender. 

  

 Figure 11 gives the gender breakdown for the two groups on the Tug-K.  The comparison 

of pretest scores shows that all groups can be considered as similar.  No difference exists from 

the male groups to the female groups.  The posttest results show no statistical gains over the 

initial pretest either.  However, a t-test shows that there is a difference in the posttest scores of 

the both male groups over the predicting female group.  Beichner’s (1994) study points out that 

males generally do statistically better on the Tug-K than females (mean scores of 9.5 for males 

compared to 7.2 for females, after instruction).  I find it interesting that both groups of males 

outperformed the predicting females and not the demonstration females.  However, we are again 

dealing with an extremely small sample size for differences to be considered significant.  A 

comparison of normalized gains for these groups can be seen in figure 12.  All comparisons 

between the groups and genders result in p-values > 0.05.  Neither gender in either group did any 

better than another group on the Tug-K.  A listing of all statistical values for the Tug-K gender 

breakdown is in Table 3. 

-4%

-2%

0%

2%

4%

6%

8%

10%

12%

14%

FMCE

N
o

rm
a

li
ze

d
 G

a
in

 (
%

) 

FMCE: Female vs Male 

Predicting - Female n=10

Predicting - Male n=11

Demo - Female 20

Demo - Male 6



 

25 
 

 

                 Figure 11: Female and Male percent scores on the Tug-K.  Pretest and posttest  

                 scores are given for each gender in the Predicting and Demonstration groups. 

 

Table3: Statistical values of Tug-K scores for males and females. 

   Tug-K Males Females 

  Statistical value pretest posttest N-gains pretest posttest N-gains 

P
re

d
ic

ti
n
g

 Mean 15% 16% 0% 9% 8% -1% 

Standard 

Deviation 10% 8% 12% 9% 6% 14% 

Count 7 7 7 9 9 9 

Uncertainty 4% 3% 4% 3% 2% 5% 

        

D
em

o
n
st

ra
ti

o
n

 Mean 13% 24% 14% 10% 15% 5% 

Standard 

Deviation 10% 21% 15% 8% 9% 10% 

Count 3 3 3 17 17 17 

Uncertainty 6% 12% 9% 2% 2% 2% 
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                      Figure 12: Normalized gains on Tug-K broken down by gender. 

 

 To see if perhaps there was any one section of the FMCE that a group may have excelled 

in, the test was broken down among the different test categories.  The categories and the results 

of that breakdown are shown in Figure 13.  The results do not show that there was any one 

section a group tested on better than another.  All categories for both groups are similar in their 

amount of gains, which is also small.  We are still dealing with a very small sample population, 

so any differences in figure 13 should not be considered significant.  The statistical values of the 

different categories on the FMCE are listed in Table 4. 

 An item analysis of the Tug-K was also done to check the group performance in each 

section (figure 14).  The results of this breakdown are again inconclusive.  Any differences in 

gains are not significant due to the very small sample population.  All statistical values of the 

breakdown on the Tug-K can be seen in Table 5. 
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Figure 13: Item analysis for the FMCE.  The predicting and demonstration 

group’s raw gains are broken down by the five categories of the test. The  

sections on Newton’s 3
rd

 Law and Energy were not a part of the treatment. 

 

 Table 4: Statistical values of the FMCE broken down by category. 

  Statistical Values Velocity Acceleration 

Newton's 1 

& 2 

Newton's 

3rd Energy 

P
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d
ic

ti
n

g
 Mean 12% -1% 0% 6% 17% 

Standard 

Deviation 35% 16% 7% 23% 37% 

Count 21 21 21 21 21 

Uncertainty 8% 4% 2% 5% 8% 
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Mean -1% 3% 3% 8% 7% 

Standard 

Deviation 49% 19% 9% 19% 23% 

Count 26 26 26 26 26 

Uncertainty 10% 4% 2% 4% 5% 
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Figure 14: Item analysis for the Tug-K.  The predicting and demonstration 

group’s raw gains are broken down by the seven categories of the test. 

 

Table 5: Statistical values for the Tug-K broken down by category. 

  

Statistical 

Values Velocity Acceleration Displacement 

change 

in 

velocity 

Find 

Similar 

Graph 

Match 

text to 

graph 

Match 

graph 

to text 

P
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d
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n

g
 Mean 4% 2% -15% 8% 9% -4% -3% 

Standard 

Deviation 0.27 0.23 0.21 0.15 0.22 0.21 0.18 

Count 16 16 16.0 16.0 16 16 16 

Uncertainty 7% 6% 5% 4% 6% 5% 4% 
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Mean 3% -3% 2% 3% 5% 17% 9% 

Standard 

Deviation 0.21 0.26 0.20 0.34 0.25 0.25 0.19 

Count 20 20 20 20 20 20 20 

Uncertainty 5% 6% 5% 8% 6% 6% 4% 
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 As mentioned above, as part of this study I had students draw what they thought a graph 

would look like of a person moving away from a point of origin and then coming back to that 

point of origin.  I had the students draw the same motion at the beginning of the year (August), 

the middle of the semester (October) and the end of the semester (December).  The graphs were 

graded solely on whether or not they resembled a picture of the motion or not.  This was 

designated by any graph that started at some point, moved away from that point and ended back 

at the starting point.   Figure 15 gives the results of those graphs for each group.  These graphs 

point out that the students do have the misconception of drawing motion graphs as a literal 

picture.  They also hold onto this misconception from August through October.  Sometime after 

October these students reconciled this misconception and in December the vast majority of both 

groups stopped drawing the graph as a literal picture.  This is an important step because Maries 

and Singh found that changes in conceptual understanding are tough when students are still 

holding on to their misconceptions (2013).   If students haven’t reconciled their misconception 

by October, they may not have fully grasped the concepts on motion either.  This could be a 

reason for low FMCE and Tug-K scores as well.    

 Figure 16 shows one students’ series of graphs through the semester.  When we look at 

the mechanics of the graphs, we can see that there is interesting information provided in the first 

graph besides an axis.  This student gives some numbers on the axis and feels the need to explain 

the lines on the graph.  As we progressed to the next graph we begin to see more of a well-

defined axis.  Each axis is now labeled and the origin is defined.  There are also no descriptions 

drawn in the graph, just a line.   In the third representation, again both axis are labeled but now 

the student has added a negative aspect to the x-axis.  The graph here is now looking like the 

motion of the object in the exercise.   
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Figure 15: Progress of students drawing motion as a picture over the 

 course of three months: August, October and December. 
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  Figure 16:  Copy of student work.  This shows the progression of one student’s work 

                   from my motion graphing problem in August, October and December. 
 

 Not only can we see a progression of students diminishing misconception of graph as a 

picture, but we can also see the mechanics improving through the course of the semester.  The 

mechanics of graphing however, does not translate to conceptual understanding.  I think it is 

0%

10%

20%

30%

40%

50%

60%

70%

80%

90%

100%

Aug 21 Oct 15 Dec 2

d
ra

w
in

g 
a 

p
ic

tu
re

 

Graphing motion as a picture 

Prediction

Demonstration



 

31 
 

evident that even though students became better at graphing and showing the necessary parts of a 

graph, they still struggled with the concept of presenting a graph that mimics this motion. 

 In appendix B, I’ve listed the different motion activities performed during my study.  The 

biggest change occurred toward the end of the activities.  This is when I started to have the 

students work with graphs that involved changes in the direction of motion.  Up till this point we 

had only dealt with one directional motion.  When the students had to deal with motion changing 

directions is when we appear to see the changes in their graphing skills, not drawing the graph as 

a picture of the motion.   
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Conclusion 

 Research has shown that using varying degrees of interactive lecture demonstrations in 

the classroom can have a significant effect on student achievement.  The goal of my study was to 

try and replicate that effect with a group of students more actively engaged in predicting what a 

graph of motion was going to look like rather than simply watching a demonstration.  From the 

data analysis, the scores on the FMCE from pretest to posttest do show an average five percent 

gain for both prediction and demonstration groups.  This is quite low when making the 

comparison to other research involving predictions and demonstrations. I was unable to show 

any statistical advantage of having a class making predictions about motion over seeing 

demonstrations.  Breaking my data down into gender to see any gender bias or separating the 

assessment test into categories, was inconclusive.  I am unable to support or deny that and one 

group will perform better or worse on the FMCE or Tug-K by the methods I’ve used.  

  I believe there are several factors that contributed to not seeing better posttest results.  

The greatest factor is limiting the seven steps of the ILD process.  In their 1990 study, Sokoloff 

and Thornton place emphasis on learning being enhanced when students can discuss their results 

with peers.  It is also the way scientists actually work (Sokoloff and Thornton, 1990).  This is the 

time when they confront their confusion and resolve that confusion through discussion.  Taking 

this discussion out was the biggest difference in my study and the study done by other 

researchers.  I also believe I greatly underestimated how strong students hold on to their prior 

misconceptions about a graph looking like a picture of the motion.  If students never resolve their 

graphing misconception they will hold onto it.  As noted by Beichner and Saul, when graphical 

issues are improved, student’s conceptual understanding will also increase (Beichner and Saul, 

2014).  In the future I will spend more time in the beginning of the year going over graphs.  I feel 
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if students had a strong understanding of making and labeling graphs correctly, they could focus 

more about the graphing concept rather than the mechanics.  I didn’t spend much time on graphs 

this year, outside the basics, because I wanted to rely on the prediction and demonstration 

process to develop their skills.  For the types of predictions made, the majority of the motion 

demonstrated was one directional.  We spent most of our time acquiring the understanding of 

what motion would look like going away or toward a point of origin.  Only towards the end did 

we begin to make prediction on 2-directional motion.  If students predicted more graphs that 

involved motion of different types, they may be forced to think more about what the difference 

on the graph should look like.   

 I do believe there were some immeasurable results.  In my prediction group, students 

were upset on the days we didn’t do prediction graphs.  They enjoyed trying to solve a problem 

by making sense of prior knowledge.  A graph of simple motion didn’t involve long equations or 

plugging in numbers, just them trying to understand a graph.  After two weeks into the 

predictions, students began to get competitive with their peers as to who was going to get the 

graph correct.  I feel this exercise engaged the students and got them involved in the lesson.   

 I will keep using the motion analysis software.  Knowing the limitations from this year’s 

study I will be able to make adjustment for future studies.  This will allow a comparison of 

groups making use of the discussion phase with students who did not.   
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Appendix A 

Example of a day using video motion analysis (first day): 

 The Prediction Group:  Students were shown a video of a ball rolling across a flat 

surface.  As the ball rolled, it passed by markers in one meter increments for a total of five 

meters.  The students were told the ball was starting at the origin and rolling away from the 

origin.  After the motion stopped the students were asked to draw what they believed a graph of 

distance vs time would look like.  Students were given a few minutes to complete their 

prediction.  Once everyone had something drawn, the video was shown again.  This time a graph 

was shown being drawn in real-time as the ball was rolling.  Then students were then asked to 

label their graph as correct or draw the correct graph.  With the real-time graph still showing on 

the board, I would discuss what the graph is showing.  How distance is changing with time.  We 

also had a brief discussion about what a graph would look like if the ball were rolling faster. 

 The demonstration Group:  In this group the students were shown the exact motion as the 

prediction group.  Instead of making any prediction, they were shown the graph being drawn in 

real-time as a demonstration of what a graph of distance vs time would look like.  Students 

would then draw he graph in a journal.  After everyone copied the graph from the board, we also 

had a discussion about the graph.  How distance is changing with time.  We also had a brief 

discussion about what a graph would look like if the ball were rolling faster. 
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Appendix B 

Daily list of the types of motions used in the study: 

Date Type of graph 

Direction of 

motion 

Type of 

velocity 

Sep-6 distance vs time  

Away from 

origin constant 

Sep-11 distance vs time  Toward origin constant 

Sep-13 distance vs time Through origin constant 

Sep-23 velocity vs time 

Away from 

origin constant 

Sep-30 velocity vs time  Toward origin constant 

Oct-8 distance vs time & velocity vs time  

Away from 

origin constant 

Oct-15 acceleration vs time & Force vs time 

Away from 

origin constant 

Oct-15 GRAPH     

Oct-17 distance vs time & velocity vs time  Toward origin constant 

Oct-21 acceleration vs time & Force vs time  Toward origin constant 

Oct-23 distance vs time & velocity vs time  Through origin constant 

Oct-25 acceleration vs time & Force vs time  

Away from 

origin constant 

Oct-29 distance vs time & velocity v time  

Away from 

origin increasing 

Nov-4  acceleration vs time  

Away from 

origin constant 

Nov-7 distance vs time & velocity vs time 

Away then 

toward constant 

Nov-13 acceleration vs time & Force vs time  

Away from 

origin constant 

Nov-15 distance vs time & velocity vs time  

Toward then 

away decreasing 

Nov-19 acceleration vs time & Force vs time 

Away from 

origin constant 

Dec-2 GRAPH     
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Appendix C 

Student graphing problem: 

 A man starts running as fast as he can from a starting point.  He runs for ten meters then 

jumps on a skateboard and rolls toward a wall.  He then pushes on the wall and rolls back to the 

starting line. 
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Appendix D 

IRB 
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