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Abstract 
Grading on the curve is a com m on pract ice in higher educat ion. While t here are m any crit ics 
of the pract ice it  st ill finds wide spread acceptance part icularly in science classes. Advocates 
believe that  in large classes student  abilit y is likely t o be norm ally dist r ibuted. I f test  scores 
are also norm ally dist r ibuted inst ructors and students tend to believe that  the test  
reasonably m easures learning and that  the grades are assigned fair ly.  Beyond an intuit ive 
react ion, is there evidence that  norm ally dist r ibuted test  scores appropriately dist inguish 
am ong student  perform ance? Can we be sure that  there is a significant  correlat ion between 
test  scores and student  knowledge? Test ing these assum pt ions would be difficult  using 
actual subjects. I n this paper we use m athem at ical m odels and Monte Carlo sim ulat ion to 
test  the assum pt ion that  norm ally dist r ibuted grades assign the highest  grades to the 
students who were best  prepared for  an exam .  
 
Key Words:  Grading on the Curve, Com puter Sim ulat ion, Student  Perform ance 

 
Introduction 

 
Grading on a curve, in one form  or another,  is a com m on pract ice in higher educat ion. The 
pract ice is often crit icized for ignoring the possibilit y that  an inst ructor and the class m ay 
have together worked to the point  where m ore than half of the students have earned a top 
grade (Roth, 2000) . Crit ics also suggest  that  grading on a curve does not  provide the ideal 
incent ives for  student  m ot ivat ion (Michaels, 1976) .  But  the pract ice also has wide spread 
support .  I t  is advocated as an ant idote to grade inflat ion. I t  is also used in contexts in which 
inst itut ions feel the obligat ion to dist inguish am ong perform ances for  the purpose or 
evaluat ing students for professional and graduate schools. While crit ics tend to argue that  
goals ought  to focus m ore on teaching and less on evaluat ion and ranking, both sides seem  
to agree that  grading on a curve is well suited for this ranking funct ion. I t  is, in fact ,  this 
last  assum pt ion that  this paper challenges.  
 
Can we be confident  that  grading on a curve results in assigning the best  grades to the best  
students? Addressing this quest ion is com plicated by a num ber of factors. I f we t ry t o 
m easure the extent  t o which the higher test  scores are associated with the higher levels of 
learning or achievem ent , we are confronted with the realit y that  the test  it self is intended to 
be our m easure of achievem ent . Furtherm ore we are likely to have difficulty agreeing on 
what  should be m eant  by the best  students. I s it  the best  prepared, those with the best  
abilit y, those who have learned the m ost? And how would we dist inguish am ong and 
m easure perform ance for these alternat ive definit ions? Even when we address all these 
factors we will always find ourselves const rained by the relat ively sm all sam ples from  the 
student  populat ion which we can involve in our experim ents. To address all these concerns 
we propose using Monte Carlo sim ulat ions to create large populat ions of students exact ly   
m atching a range of assum pt ions and then adm inistering hypothet ical exam s to these  



International Journal for the Scholarship of Teaching and Learning 
http://www.georgiasouthern.edu/ijsotl 
Vol. 2, No. 2 (July 2008)  
I SSN 1931-4744 @ Georg ia Southern  Univers it y 
 

 

2 

 

 
 
 
 
hypothet ical students. These m athem at ical sim ulat ions will allow us to vary our assum pt ions 
about  the students and the exam s and consequent ly invest igate the extent  to which the 
best  students (by whatever definit ion we elect  t o use)  obtain the best  scores. 
 
The first  sect ion of the paper briefly exam ines the concept  of grading on the curve. I t  is 
followed by a sect ion that  describes the sim ulat ion m odel and the assum pt ions on which the 
various m odels are based. Subsequent  sect ions contain the results of the sim ulat ions as we 
progress from  typical students at  com pet it ive inst itut ions to an ext rem e case of highly 
m ot ivated pre-m ed students at  the m ost  select ive inst itut ions. I n each case we look at  the 
correlat ion between perform ance on the exam s and student  preparedness for the exam . The 
final sect ions focus on init ial observat ions, potent ial im pacts on students, and direct ions for 
addit ional work. 
 
 

The Concept of Grading on the Curve 
 

Grading on the curve has long been an accepted form  of student  assessm ent , part icularly in 
large classes. I n realit y,  grading on the curve has com e to have a variety of m eanings to 
students and inst ructors (Wall, 1987) . The m ost  sim plist ic, and perhaps the m ost  com m only 
em braced by students, is the pract ice of adding points to all grades to bring the highest  t est  
scores up to the 100 point  range.  This pract ice is actually m ore com m only referred to as 
curving grades and an inst ructor m ight  often say he or she decided to curve the grades on 
an exam  that  turned out  to be m ore difficult  than ant icipated. I n other instances curving 
grades is associated with predeterm ining, independent  of perform ance on an exam , a fixed 
percent  of students that  receive each grade. This can be a m eans of assuring that  in each 
class roughly the sam e percent  of students receive the sam e final grades independent  of the 
difficulty of specific exam s or inst ructors. For exam ple, the Psychology Departm ent  at  a 
large US university has recom m ended dist r ibut ions that  result  in 15%  AÕs, 25%  BÕs, 45%  
CÕs, 10%  DÕs and 5%  FÕs (Wedell,  Parducci, & Rom an, 1989) . I n this form , grading on a 
curve is seen as an ant idote to grade inflat ion and can even be based on inform al or form al 
inst itut ional policy. For exam ple, according to a very recent  art icle in Boston UniversityÕs 
The Daily  Free Press (Maxwell,  2007) , universit y policy suggests that  the m ean grade in 
large classes should be around B-m inus or C-plus. I n realit y issues of grade inflat ion have 
existed for  at  least  three decades (Abbot t , 2008) . 
 
However, the original use of the phrase, grading on the curve, was based on the assum pt ion 
that  student  abilit ies, part icularly in large classes of hundreds of students, would m ost  likely 
be norm ally dist r ibuted. I t  oft en argued that  Òexam  scores tend to be norm ally dist r ibuted 
for  well- const ructed, norm - referenced, m ult iple choice tests (Wedell et  al, 1989, p.239) .  I n 
an experim ent  conducted by Wedell et  al (1989) , students were asked to assign grades to 
test  scores that  m atched four different  dist r ibut ions, a norm al dist r ibut ion, a U-shaped 
dist r ibut ion, and posit ively and negat ively skewed dist r ibut ions. Without  any knowledge of 
the subject  m aterial, students were also asked how well the test  m easured knowledge for 
each of the dist r ibut ions. The students rated the norm ally dist r ibuted test  scores 
significant ly higher than the other dist r ibut ions. I n general it  is com m on to associate 
effect ive exam s with norm ally dist r ibuted scores. Consequent ly, it  is not  a surprise that  
inst ructors feel they have created a fair  and effect ive exam  whenever they graph the test  
score dist r ibut ion and see that  it  resem bles the bell- shaped curve. As any student  can 
at test , individual inst ructors use a variety of approaches to dist r ibut ing the grades norm ally. 
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Johari and Sclove (1976)  described one such approach, but  m ost  approaches end up 
assigning the let t er grades in a m anner represented in Figure 1.  
 
I n the case represented in Figure 1, grades are curved to an average grade of C. I n other 
instances inst ructors curve to a low B, having AÕs and BÕs for students above the m ean and 
CÕs and DÕs for those below the m ean. I n this case FÕs are assigned to out liers.  Throughout  
the rem ainder of this paper we will use the phrases Ògrading on the curveÓ and Òcurving 
gradesÓ to represent  the pract ice of fit t ing let t er grades to a norm al dist r ibut ion.  
 
 
               Figure 1.  Assigning Let ter Grades Based on Norma lly Dist ri buted Nume ri cal Scores 

numerical score

number of 

students

F D C B A

 
 
 
This com m only used form  of grading has both it s crit ics and proponents and the topic is one 
often discussed in educat ion public forum s (ÒGrading on a CurveÓ, 2007) . Many argue that  it  
is unfair t o autom at ically assign low grades to t he lower end of the class when it  is possible, 
in som e classes, that  all of the students will have achieved a certain m astery of the m aterial 
and deserve grades that  recognize their  level of perform ance. Proponents of grading on the 
curve argue that  as long as the perform ances on the exam  vary according to a norm al 
dist r ibut ion, it  is reasonable to have the grades also be norm ally dist r ibuted.  The pract ice is 
perhaps the m ost  com m only applied in int roductory science classes in large universit ies 
(Maxwell,  2007) . 
 
I n a large int roductory chem ist ry class at  a com pet it ive university it  is reasonable to expect  
that  grades on a typical exam  will be norm ally dist r ibuted and grading on a curve seem s 
reasonable. But  that  sam e exam  given to a chem ist ry class for  pre-m ed students at  a highly 
select ive university  m ight  well result  with half t he students obtaining a near perfect  score, 
hardly a norm al dist r ibut ion. I n this case, grading on the curve would not  be pract ical. Yet  
m any highly select ive universit ies seem  to insist  that  all pre-m ed courses be graded on the 
curve. Consequent ly the chem ist ry exam  at  such a university m ust  be m ore difficult  in order 
to assure that  the result ing exam  scores are norm ally dist r ibuted. Although it  m ay not  be 
official policy, it  is com m on pract ice at  these highly select ive inst itut ions to ensure that  the 
level of difficulty of exam s result  in norm ally dist r ibuted scores. Specifically, it  is the 
pract ice in all pre-m ed courses at  the two such universit ies which will form  the context  for 
our analysis.  These two inst itut ions were chosen m erely to have a context  for the discussion 
and were two which the authors were able to ident ify as having at  least  im plicit  grading 
policies. However there is no reason to im ply that  these outstanding inst itut ions stand out  in 
any way from  their peers in this pract ice. Hence throughout  the course of the paper we will 
refer to them  only as inst itut ions A and B.  
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Reasons for grading on the curve at  these inst it ut ions are not  publicly discussed. However 
we can assum e som e possible rat ionales. Supposedly these inst itut ions and their professors 
feel com pelled to dist inguish perform ance am ong these outstanding students, to ident ify 
which students perform ed the best  in the class and which were the poorer perform ers. 
Perhaps such rankings are designed to heighten the reputat ion of the inst itut ion by sending  
forward only the very best .  Perhaps they are at tem pt ing to avoid grade inflat ion so that  
their best  students will be clearly ident ified for  the best  m edical schools. I n m any cases it  is 
the very best  inst itut ions that  are the m ost  concerned about  grade inflat ion (Gordon, 2006) . 
However, any of these (or other reasons)  m ust  be based on the assum pt ion that  the best  
grades are going to the best  students. I t  is this basic assum pt ion that  our work is designed 
to invest igate. Does grading on the curve always, or even frequent ly, result  in the best  
students get t ing the best  grades?  
 
 

Simulation Model 
 
I nvest igat ing the assum pt ion that  the best  students get  the best  grades would be difficult  
with sam ples of actual students. First  defining what  we m ean by the best  student  is difficult . 
Do we m ean the student  with the best  abilit y? Do we m ean the student  who is best  
prepared for the exam ? Do we m ean the students who know the m ost? And how would we 
assess the best  by either of these m easures other than by giving them  an exam ?  How do 
we take into account  how hard the student  studied, or  how well they take exam s, or how 
they were feeling that  part icular day, or  whether the exam  was a fair exam ? 
 
A com puter sim ulat ion m odel allows us to precisely define all of the assum pt ions in our 
analysis and to generate the observat ions accordingly. I t  gives us the abilit y to isolate the 
part icular quest ion at  hand. We define our m odel based on 400 students taking three exam s 
each m ade up of twenty quest ions. I nit ially we assum e that  all quest ions on the exam  are 
equally difficult . I n addit ion, we assum e that  the abilit ies of these 400 students are norm ally 
dist r ibuted, regardless on whether they belong to a ÒtypicalÓ or Òhighly select iveÓ group.  
The following analysis dist inguishes between the two groups by assum ing the typical group 
has a sm aller  average level of abilit y with a larger standard deviat ion. 
 
Our definit ion of the abilit y of a student  is the probabilit y that  the given student  will 
correct ly  answer a given quest ion.  Hence it  actually refers t o the how well the student  is 
prepared to take the part icular exam . Consequent ly we are not  t rying to determ ine whether 
that  preparedness is a consequence of innate abilit y, hard work, posit ive at t itude, or  
anything else. Throughout  this paper,  whenever we refer t o student  Òabilit yÓ or student  
ÒpreparednessÓ, we use the term s in the precisely defined sense of the probabilit y of get t ing 
a part icular  quest ion correct  on a given exam . To represent  this probabilit y, each of our 400 
students is random ly assigned a value between 0 and 1 from  a norm al dist r ibut ion with a 
given m ean and standard deviat ion. The selected m ean will indicate the overall abilit y of the 
group of students and the selected standard deviat ion will indicate the range of abilit y.  A 
student  assigned a value of 0.762, for  exam ple, would on average get  76.2%  of the exam  
quest ions correct , assum ing that  all the quest ions on the exam  are of equal difficulty.  
Subsequent ly, when we assum e varying levels of difficulty for  exam  quest ions we will raise 
or lower these probabilit ies for part icular quest ions. Since we selected the probabilit ies from  
a norm al dist r ibut ion we have m et  our assum pt ion that  the Òabilit iesÓ of our 400 students 
are norm ally dist r ibuted.  
 
While the student  in our exam ple is expected to get  76.2%  of the exam  quest ions correct  
on average, for any part icular exam  the student  could obtain a m uch lower or higher score. 
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We are assum ing that , given lim ited t im e for  a test , no science exam  contains quest ions 
from  all the covered m aterial. Consequent ly,  at  one ext rem e, our student , who in essence  
 
knows 76.2%  of the m aterial well, m ight  be given an exam  in which all of the quest ions fall 
within that  76.2%  and the student  could get  a perfect  score on the exam . At  the other end, 
if m uch of the m aterial on the exam  falls outside the 76.2%  the student  knows well, the 
result ing score would be m uch lower. Hence there is a random  factor to the exam  and it  is 
this random ness that  j ust ifies the use of a com puter sim ulat ion. 
 
Random ness in a sim ulat ion m odel is produced by a random  num ber generator.  The m ost  
basic random  num bers that  init ialize sim ulat ions are generated using a uniform  dist r ibut ion 
of num bers between 0 and 1. To sim ulate perform ance on an exam  quest ion, we random ly 
assign such a num ber to each quest ion. A student  is assum ed to get  t he quest ion correct  if  
the value assigned to the student  is greater than or equal to the value assigned to the 
quest ion. This assum es each quest ion is scored as correct  or  incorrect  without  part ial credit . 
Again, consider the student  with the assigned value of .0762.  Since 76.2%  of the num bers 
between 0 and 1 fall below 0.762, our student  will on average get  76.2%  of the quest ions 
correct .   Of course students with higher abilit y (higher assigned values)  are m ore likely to 
get  any given quest ion correct .  As an illust rat ion, Table 1 contains the results for  one exam  
(20 quest ions)  for a student  with an assigned value (or m easure of abilit y)  of 0.762.   
 
 
                                 Table 1.  Simu lated Exam Grade for One Student  

 
 
The assigned score is the percent  of quest ions the student  got  correct  on this part icular 
exam . I n this instance the student  with an assigned abilit y level of 0.762 obtained a score of 
70. On a different  exam  of the sam e level of diff iculty the student  m ight  well receive an 80. 
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For an infinite num ber of exam s we are of course assum ing the student  would have an 
average score of 76.2. Finally we calculate a studentÕs course average as the m ean score of  
three exam s. A com plete sim ulat ion would produce course averages for  each of 400 
students based on the three exam  scores.  
 
Simulating a Typical Group of Students 
I n our init ial sim ulat ion we m odel typical students at  a typical university . The first  step is to 
define the norm al dist r ibut ion that  will be used to assign random  abilit ies (probabilit y of 
answering a quest ion correct )  for the 400 students. We use a m ean of 0.75 indicat ing that  
the average student  will get  (on average)  75%  of the quest ions correct . I n this case we will 
assum e that  our student  abilit y ranges from  0.50 to 1.00.  Since six standard deviat ions  
cover 99.74 %  of all values, we will use as our assigned standard deviat ion 1/ 6th of the 
range. An average of 0.75 and a standard deviat ion of 0.083 (0.5/ 6)  of course allows for  the 
possibilit y of a few values in excess of 1.00. All values in excess of 1.00 are m odeled to 
represent  students get t ing all quest ions correct  and the dist r ibut ion is effect ively t runcated 
at  1.00.   
The results of our first  sim ulat ion are sum m arized in Figure 2, a frequency histogram  for the 
course average ( the m ean of the three exam  scores)  for our 400 students. As expected, the 
averages appear t o be norm ally dist r ibuted with a reasonable range from  50Õs to 100. 
Grading on a curve to assign final grades seem s perfect ly  reasonable.  
 
 
                       Figure 2.  Frequency Histogram of Course Averages for Typical Class 
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As a result  of the sim ulat ion, we have, for each of our 400 students, the assigned m easure 
of abilit y ( or  preparedness)  as well as the course average.  We can, therefore, m easure the 
correlat ion between the two. Figure 3 contains a graph of the preparedness versus course 
averages for  the 400 students. The result ing correlat ion is 0.81 with a 95 %  confidence 
interval of (0.76, 0.86) .  Hence we have st rong evidence that  a correlat ion exists between 
preparedness and course averages.  However, from  the graph in Figure 3 we can also 
observe that  students with average preparedness (0.75)  end up with course averages 
ranging from  60 to m id 80Õs. I f these students, who are equally well prepared, are graded 
on a curve the result ing let ter grades will range from  a D to a B. Our assignm ent  of 0.75 as 
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a level of preparedness suggests that  each student  knows 75%  of all possible t est  m aterial. 
Since few tests cover all possible m aterial, the variat ion in the grades is a result  of the  
extent  t o which the student  was lucky enough to have the m aterial he or she knew show up 
on the exam . 
            
 
           Figure 3.  Relat ionship between Preparedness and Course Average for Typical Students 
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Modeling Students at Highly Selective Institutions 
Som e of the crit icism  of grading on the curve is directed to situat ions in which all of the 
students are highly qualified and well prepared. I s it  fair to curve their  grades so that  som e 
autom at ically receive CÕs and DÕs?  I ndependent ly of whether it  is fair, our analysis focuses 
on whether or not  we can be sure that  the best  prepared students get  t he higher grades. 
Our next  sim ulat ion exam ines the perform ance of these students. We have derived the 
context  of this sim ulat ion from  two actual inst it ut ions that  do (at  least  by pract ice)  grade 
pre-m ed classes on a curve. At  these two inst itut ions the average SAT scores for  entering 
freshm en are 1350 and 1325. Hence the average student  at  each inst itut ion is in the top 
7%  of all senior college-bound SAT test  takers (ÒSAT Percent ile RanksÓ, 2008) . We can 
further heighten the level of select ivit y am ong these students by sim ulat ing grade 
dist r ibut ions in pre-m ed courses. Both of these schools designate separate courses alm ost  
exclusively for pre-m ed students.  
 
Therefore, the prem ise of our following argum ent  is that  these students are largely the best  
students from  a very select  group. To dem onst rate how these students com pare to the 
group described above, we sim ulate the outcom e of them  taking the sam e ( typical)  exam . 
To represent  their higher abilit y/ preparedness, we sim ulate the probabilit y of each of them  
get t ing any given quest ion correct  from  a norm al dist r ibut ion with a higher m ean, say 0.95, 
and a sm aller range of probabilit ies, say 0.9 to 1.  This suggests that  t hese highly talented 
and highly m ot ivated students would virtually all get  90%  of the quest ions correct  in a 
typical int roductory science class taught  at  a typical com pet it ive university. The result  from  
running our sim ulat ion with this group of very good students is sum m arized in the 
frequency histogram  in Figure 4. 
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                  Figure 4.  Frequency Histogram for Very  Good Students taking Typical Exams  
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The course averages for  the three exam s are no longer norm ally dist r ibuted and grading on 
a curve is less pract ical.  I n addit ion, the highly capable and m ot ivated students would not  
accept  DÕs for scores in the high 80Õs or BÕs for  scores in the m id 90Õs. But  one could argue 
that  the exam s used at  our typical inst itut ions are not  the exam s used at  these highly 
select ive universit ies. I n order to appropriately consider grading these students on a curve, 
inst ructors m ust  m ake the exam s m ore difficult ,  m ore specialized, or even m ore obscure to 
insure that  fewer students get  high scores. The consequence of a m ore difficult  exam  is to 
reduce the abilit y of these students to get  the quest ions correct . We can m odel this increase 
in exam  difficulty by lowering the average probabilit y that  students will get  any given 
quest ions correct . So, in effect , when we reduce the m ean of the norm al dist r ibut ion 
sim ulat ing the probabilit y of get t ing a quest ion correct  we m odel either lowering student  
preparedness or a m ore difficult  exam . Sm aller  standard deviat ions result  in a sm aller  range 
and m odel a m ore hom ogenous group of students.  
 
To sim ulate a harder exam  for the top students, we will assign the random  values for 
preparedness from  a norm al dist r ibut ion with a m ean of 0.75 rather than the previous 0.95. 
Thus the average grade on the exam s should drop from  around 95 to around 75. However 
the range in abilit y of the students did not  change. We will m ake the m odeling assum pt ion 
that  range of preparedness for  the harder exam  does not  increase and hence we will use the 
sam e standard deviat ion as before and consequent ly the range of values will largely fall 
between 0.70 and 0.80 ( rather than 0.90 and 1.00) . Figure 5 contains the result ing 
frequency histogram  for this sim ulat ion. 
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            Figure 5.  Frequency Histogram  for Very Good Students Taking a Hard Exam  

Frequency Distribution of Course Averages
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Now it  appears that  all is r ight  with the world. The grades are norm ally dist r ibuted. The 
range is from  the 60Õs to the 90Õs. Grading on a curve seem s feasible at  this point . 
Adm it tedly som e outstanding students are going to receive low grades. But  we have at  least  
been able to dist inguish am ong the perform ances of the students. But  can we be confident  
that  the bet ter students got  the bet ter grades? Again we can calculate the correlat ion 
between student  preparedness and the result ing grades. Figure 6 contains the results for 
the 400 students. I n this instance the correlat ion has dropped to 0.23 with a 95%  
confidence interval of (0.15 to 0.31) . We st ill have evidence that  the correlat ion between 
preparedness and average scores is posit ive but  it  is certainly not  st rong. 
 
 
        Figure 6.  Relat ionship Between Preparedness and Course Averages for Very  Good Students 
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I t  is also of interest  to begin to im agine the im pact  on specific (but  st ill hypothet ical)  
students. Our averagely prepared students ( from  am ong this group of t op students)  
obtained averages from  the 60Õs to the 90Õs and hence let t er grades from  DÕs to AÕs. Most  
notably, the two students with the highest  level of preparedness (0.80)  end up with 
averages of 65 and 75 and would get  a C and a low B when graded on a curve. I n the highly 
com pet it ive environm ent  get t ing a C or low B when you believed (correct ly)  that  you were 
ext rem ely well prepared for the exam  can be very discouraging. Low BÕs are not  going to be 
adequate for get t ing into good m edical schools and m any students will be sufficient ly 
discouraged to drop out  of the pre-m ed program . This Òweeding outÓ is evident ly a goal in 
som e cases. However, it  would be unfortunate if it  is in fact  the very best  who are 
discouraged in this environm ent .  
 
Modeling the Extreme Case 
There is am ple evidence that  students drop out  or are weeded out  of the pre-m ed program s 
across the count ry.  I t  is certainly the case in the two inst itut ions we have used to provide 
the context  of our sim ulat ion.  When you com pare the num ber of students in the pre-m ed 
sect ions of int roductory chem ist ry t o the num ber of students in the subsequent  organic 
chem ist ry course, the drop is significant  every year. Table 2 contains the counts for one 
year at  the two universit ies. 
 
                    Table 2.  Course Enro llme nts in Pre -Med Chemi st ry  Classes 

 General Chemistry Organic Chemistry 
University A 1359 614 
University B 701 361 

 
I n each instance approxim ately one half of the pre-m ed students who take General 
Chem ist ry do not  cont inue on to the Organic Chem ist ry class. Hence by the t im e we are 
grading these rem aining pre-m ed students at  these highly select ive inst itut ions we are 
certainly t rying to dist inguish perform ance between a group of students with very sim ilar 
levels of abilit y and m ot ivat ion.  We m odel this m ost  ext rem e case by select ing our random  
values for preparedness from  a norm al dist r ibut ion with a sm aller  range, nam ely 0.74 to 
0.76. We have assum ed the inst ructors will cont inue to m ake the exam s difficult  enough to 
j ust ify using a m ean level of preparedness of 0.75. So essent ially we are claim ing that  we 
now have a group of students in which the differences in abilit y or  preparedness to take an 
exam  are virtually indist inguishable. However, as illust rated in Figure 7, the exam  results 
st ill show a nice norm al dist r ibut ion for our course averages, ranging from  below 60 to the 
90Õs. 
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                   Figure 7.  Frequency Histogram for Excellent  Students Taking a Hard  Exam  

Frequency Distribution of Course Averages
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Great ly reducing the range of student  abilit y did not  reduce the range or grades or the 
likeliness that  the grades would be norm ally dist r ibuted.  Figure 8 contains the specific 
results for  400 students. Here, the calculated correlat ion is 0.01 with a confidence interval 
of ( -0.07, 0.09) . Consequent ly, we no longer have sufficient  evidence that  there is any 
correlat ion between preparedness of the very top students and their  course average. I n 
fact , in this part icular sim ulat ion, the student  with the highest  level of preparedness ends up 
with a course average of 72, below the class average, and would receive a grade in the 
C+ / B-  range. Som e students in the top 10%  of the level of preparedness had course 
averages in the low 60Õs and could end up with C-Ôs or even DÕs, potent ially fatal grades on 
organic chem ist ry for a pre-m ed student .  I t  has becom e a m at ter of pure luck!    
 
               Figure 8.  Relat ionship Between Preparedness and Grades for Excellent  Students 
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What  happens when we carry our m odel t o the ext rem e and assum e that  all the students 
are precisely ident ical? We can certainly run one m ore sim ulat ion for this scenario using a 
m ean student  abilit y of 0.75 and a standard deviat ion of zero, and Figure 9 contains the 
result ing frequency histogram . Thus 400 ident ically prepared students taking three exam s 
each m ade up of 20 quest ions will end up with grades ranging between 60 and 90.  I n this 
ext rem e case of 400 ident ical students we st ill observe an approxim ately norm al dist r ibut ion 
of t est  scores even though there is no variat ion in student  abilit y (or  preparedness) .  There 
is clearly no correlat ion between preparedness and test  scores.  
 
                                  Figure 9.  Frequency Histogram for I dent ical students 
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I n scient ific analysis, as well as in class room  inst ruct ion, ext rem e cases often offer 
inform at ive results. Perhaps an inform at ive sim ulat ion would be one in which we adm inister 
a 20 quest ion t rue false organic chem ist ry exam  to 400 m onkeys. I t  is a reasonable 
assum pt ion that  our m onkeys have equal knowledge of organic chem ist ry.  But , since it  is a 
t rue false exam , each m onkey has a 50%  chance of get t ing any quest ion correct .  Som e 
m onkeys will be m ore lucky than others. Figure 10 contains the frequency histogram  for the 
num ber of quest ions each m onkey gets correct .   
 
Of course our students are not  m onkeys. But  our exam s can approach levels that  do no 
bet ter  j ob dist inguishing am ong students, part icularly as the task becom es m ore difficult  
when class populat ions are m ore hom ogenous. Merely m aking exam s m ore difficult  does not  
autom at ically im prove the abilit y of the exam  to rank student  perform ance. Anecdotal 
evidence abounds of science exam s with m ean scores around 50%  and with no students 
get t ing all the quest ions correct . Are these exam s effect ive m easures of learning or m erely 
exam s that  will guarantee norm ally dist r ibuted test  scores.  As our m onkey sim ulat ion 
illust rates, the m ore random ness and luck play a factor in these exam s, the m ore likely the 
scores will autom at ically  be norm ally dist r ibuted. Norm al dist r ibut ions alone are not  
evidence of an effect ive exam .  
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           Figure 10.  Frequency Histogram for Monkeys 

Frequency Distribution of Scores for Monkeys Taking 20 
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Initial Observations 
 

This analysis of ext rem e scenarios helps us to understand our problem  in general. First  our 
analysis focused on the ext rem e case of classes m ade up of the very best  students. The 
scenario of the m onkeys represents the com plete ext rem e. The first  and m ost  obvious 
conclusion is that  norm ally dist r ibuted test  scores offer no independent  evidence that  the 
test  has appropriately dist inguished between the abilit ies of the test  takers. Hence 
inst ructors cannot  m ake the claim  that  j ust  because they have test  scores that  are norm ally 
dist r ibuted they m ust  have designed an exam  that  fair ly dist inguishes am ong student  
abilit ies. But  although the results are m ost  obvious in the ext rem e case, they also indicate 
that  the problem s apparent  at  the outerm ost  levels of hom ogeneity, are also evident , all be 
it  to a lesser degree, in all cases.  
 
The ext rem e case brings the not  so obvious to our at tent ion. But  our sim plified m odels also 
provide potent ial insights into real life situat ions. This sim ulat ion m odel clearly provides the 
insight  that  the correlat ion between abilit y (as defined in the m odel)  and final test  averages 
is dependent  on the both the m ean and the standard deviat ion of the level of preparedness 
assigned to the 400 students. For a fixed m ean (0.75)  the correlat ion between abilit y and 
test  scores declines as the standard deviat ion decreases as sum m arized in Table 3.  
 
 
          Table 3.  Relat ionship between Standard  Deviat ion and Corre lat ion 

Mean 
Preparedness 

Standard Deviation of 
Preparedness 

Correlation between Preparedness 
and Average Test Scores 

0.75 0.083 0.81 
0.75 0.017 0.23 
0.75 0.004 0.01 
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Consequent ly the m odel suggests that  as the students in a class becom e m ore sim ilar in 
level of preparedness to take a test , the role of luck in determ ining their  test  score 
increases. Clearly the m eans and standard deviat ions in our m odel were selected som ewhat  
arbit rarily . But  the relat ionship between the standard deviat ion and correlat ion is  
unm istakable. Specific inst ructors can argue that  as they m ake their exam s m ore difficult  
they are also som ehow m aking them  such that  the standard deviat ion of student  
preparedness also increases. However they cannot  cont inue that  argum ent  forever.  Clearly 
there is no abilit y to design an exam  that  will dist inguish abilit y in the ext rem e case of a 
standard deviat ion of zero. And again, j ust  as clearly, a norm al dist r ibut ion of test  scores, 
by it self, provides no evidence of the exam Õs capacity to correlate grades with abilit y. Just  
as im portant ly, the m odel suggests that  even when there is m ore variat ion in student  
abilit y, luck st ill plays a role that  can affect  som e students significant ly.   
 
The prim ary conclusions of these sim ulat ions are best  illust rated in the context  of the 
ext rem e case of the outstanding students in large science classes. However the results can 
cont r ibute to discussions about  student  assessm ent  in all disciplines. I n m any fields text  
books com e with t est  banks of m ult iple choice quest ions and inst ructors can random ly select  
the quest ions for  their  exam s based on the chapters they have covered. There is certainly a 
high level of random ness associated with this approach.  At  the sam e t im e the results m ight  
well suggest  that  science faculty whose prim ary t raining for their profession took place in 
their research Ph.D.  program s should reach out  to assessm ent  and evaluat ion experts to 
seek bet ter t ools for determ ining the validity of their test ing schem es. None of us should 
any longer find com fort  in the fact  that  our student  test  scores are norm ally dist r ibuted. 
 
 

Assessing the Validity of the Simulation Model 
 
As with any m odel,  there can be quest ions about  the validity of the assum pt ions that  drive 
the m odel. I n m any cases we use our m odels to evaluate the extent  t o which we should 
consider m ore expensive test ing in actual set t ings. I ndust r ial chem ists use sim ulat ion 
m odels to conduct  lab experim ents. Sim ulat ion results that  show prom ise are then actually 
perform ed in the lab. As educators react  that  this sim ulat ion m odel raises concerns about  
grading on a curve m any of the assum pt ions and conclusions of the m odel could be verified 
from  real data. Given willing part icipat ion from  enough inst itut ions, the assum pt ion that  
exam s are designed to produce norm al dist r ibut ions of test  scores can be invest igated by 
looking at  actual test  scores in large sect ions for a variety of courses and universit ies. The 
m odelÕs actual conclusion that  eventually there is lit t le correlat ion between test  scores and 
student  preparedness could in part  be invest igated by m easuring the correlat ion between 
test  scores for individual students. I f luck plays an increasing role in test  scores there 
should be evidence that  studentsÕ scores will vary significant ly from  one test  t o another. 
Conversely, the sam e students get t ing the higher scores all the t im e would argue against  
the conclusion of the m odel.   
 
Our use of a value to represent  the probabilit y that  a student  will get  a quest ion correct  
appears to m atch realit y for exam s in science classes. I n the typical environm ent  it  is easy 
to accept  that  m ost  exam s cannot  include quest ions about  everything that  was covered in 
the class or in the text . Hence if a student  has m astered only 75%  of t he m aterial, there is 
a chance that  the exam  will include quest ions only from  that  75%  and the student  could get  
a 100. Of course m any students believe the luck only goes the other way. I n the 
environm ent  where the classes are filled with excellent  students, the exam s m ust  be m ade 
so difficult  that  luck is based on whether the student  happened to rem em ber t iny obscure 
details. I n fact  it  is not  uncom m on for these very difficult  exam s to have m ean scores in the 
50Õs or 60Õs with no students get t ing all quest ions correct . As our sim ulat ions illust rate, luck 
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becom es even m ore a factor in this case. Fully invest igat ing these assum pt ions would 
probably require a m ore qualitat ive analysis based on interviews with students and faculty.   
 
All of these invest igat ions would be non- t r ivial. The power of the sim ulat ion m odel is that  it  
suggests that  further discussion and invest igat ion is warranted, part icularly given the 
im pact  the pract ice of grading on a curve can have on individual students. 
 
 

Potential Impact on Students 
 
The sim ulat ion results em phasize the role luck could play in student  perform ance on exam s. 
The result ing im pacts on students can be substant ial. I n the case of the pre-m ed students 
at  the highly select ive inst itut ions, those who are discouraged from  pursuing a m edical 
career are perhaps chosen through a random  process. While grades are by no m eans a sole 
determ inant  of adm ission to m ed school, students who do poorly in init ial courses will oft en 
elim inate them selves in the first  two years of undergraduate work. And there is evidence 
(Crocker,  Quinn, Karpinski, & Chase, 2003) , that  fem ale students who have worked hard 
and fail to achieve the results that  they expect  are m ore likely to be effected than their m ale 
counterparts. There is also evidence (Schoon, Ross, Mart in, 2007) , t o support  that  fem ale 
students are m ore likely to drop out  of highly com pet it ive m aj ors. Serious students who 
expect  their high level of hard work and preparat ion to pay off are also m ore likely t o be 
discouraged than those who have learned to lighten up and expect  luck to play a role in 
assessm ent . I s it  possible that  this process in fact  Òweeds outÓ personalit y characterist ics 
rather than academ ic abilit y? And if so, are we confident  that  these are the characterist ics 
we wish to discourage? For these excellent  students, donÕt  we owe them  a form  of 
assessm ent  that  reduces luck and encourages all highly capable students to pursue the best  
possible use of their talents?  Furtherm ore, we should also acknowledge that  grading on the 
curve can int roduce a luck factor t o som e degree in assessing all students (not  j ust  the top 
students) .  
 
 

Final Observations 
 
The sim ulat ions described in this paper point  out  potent ial flaws in com m only used grading 
pract ices. Unfortunately it  does not  necessarily point  to suggest ions for  addressing those 
flaws. Further sim ulat ions could be used to evaluate the design of alt ernat ive test ing 
opt ions. Som e sim ple quest ions can be asked. For exam ple, our analysis assum ed that  all 
the quest ions were equally difficult . Further sim ulat ions were run to see if varying the level 
of difficulty am ong quest ions had any significant  im pact . As an exam ple, we t r ied exam s 
m ade up of 5 easy quest ion, 10 m oderate quest ions, and 5 hard quest ions. I n m ost  cases 
the correlat ion between abilit y and grades did not  change. I t  did have the im pact  of m aking 
the results for the easy exam  for very good students m ore norm ally dist r ibuted but  at  the 
sam e t im e it  lowered the correlat ion between abilit y and grades. One could test  the im pact  
of m ore quest ions or m ore exam s, or a wider variety of difficulty. I n the end, however, the 
ideal assessm ent  tool will likely require a reduct ion in the random  factor. 
 
The sim ulat ions in this paper assum ed that  all test  quest ions were graded as correct  or 
incorrect . While the exam  quest ions are seldom  t rue/ false, they are often m ult iple choice or 
problem  solving exercises that  are graded without  part ial credit . This is a com m on form at  
for  large int roductory science classes and one used alm ost  exclusively in the chem ist ry and 
organic chem ist ry classes at  one of our case inst itut ions. I n part , grading on a 
correct / incorrect  basis is assum ed to be necessary due to the large class sizes. One possible 
im provem ent  to the standard m ult iple choice exam s could be to allow for the possibilit y of 
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second best  answers (worth fewer points than the best  answer) . Sim ulat ion m odels could be 
used to invest igate the extent  t o which the luck factor is reduced by this type of exam .  
 
Roth (2000)  m ade a connect ion between assigning grades and salaries. Salaries and in 
part icular m erit  pay are often discussed in the context  of the extent  t o which m erit  pay 
increase m ot ivat ion for higher perform ance. Am ong those who argue in favor of m erit  pay, 
there is an understanding of the im portance of the evaluat ion process in determ ining levels 
of m erit .  Qualit y cont rol guru W. Edwards Dem ing (1986)  int roduced his fam ous Red Bead 
Gam e precisely to illust rate the extent  to which random ness in evaluat ion system s can lead 
to highly inappropriate conclusions. Hence, perhaps our prim ary task is to look for form s of 
evaluat ion that  m inim ize random  factors and produce results that  in the end would m ake us 
m ore com fortable evaluat ing students on an absolute level. Undoubtedly such form s of 
evaluat ion would require far m ore work than m erely producing increasing difficult  
exam inat ions. The results from  this paper at  least  point  out  that  norm al dist r ibut ions of t est  
scores do not  provide independent  verificat ion of effect ive educat ion or effect ive evaluat ion 
of students. We certainly are obligated to all of our students to do bet ter not  j ust  in our 
teaching but  in our assessm ent  of student  perform ance as well. 
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