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Abstract: This study is an investigationinto the ability of pre-assessmemheasuresf formal
thought ability and general achievement to predict students at-risk of poor performance in college-
level generalchemstry. Overathreeyearperiod, data on formal thought ability (as measured by
the Test of Logical Thinking, or TOLT) and/or general achievement (as measured by the
Scholastic Aptitude Test, or SAT) was collected from over 3000 students as they entered a
generalchamistry course. The outcane meaure was an American Chamical Society gener&
chemistry exam at the end of the course. Findings indicate that both the formal thought and the
generalachiavement measure cansuccesfully identify at-risk students in this setting, with neither
measure being superior in doing so. The presence of distinct groups of students correctly
predicted to be at-risk by only one of the measures demonstrates that formal thought ability and
general achievement each represent an independent hindranceo successn chemistry. Therefore,
efforts to help at-risk students should include a focus on the development of formal thought as
well asa contentreview.[Chem. Educ. Res. Pract., 2007, 8 (1), 32-51]
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Introduction

All too often, substantialnumbers of studentsin college fail to demonstrate sufficient
understanding of chemistry to proceed beyond the introductory course, general chemistry.
This circumstance hinders not only the individua studentbut also the field of chemistry.
While the costs to the individua are immediate and obvious (not only the regrettabldack of
knowledgeof chemstry but also a closeddoor to any magjor field of study requiring that
knowledge), the costs to chemistry are also significant. With each year this trend continues,
chemistry loses numerous individuals who now will not contribute to the growth of the
discipline. Indeed the ramifications stretch beyond chemistry, as other sciencecurricula
require general chemistry prior to course work within their program (Ta et al., 2005).
Studentswvho cannotmusteran acceptableindestandingof generalchenistry are prevented
from contributingto many sciencefields. On a more systemic level, the inability of students
to continue in science-oriented courses because of low performance in generalchemstry
represents a major setback in efforts to createa sciertifically-informed populaceand a
technically-proficient workforce. For these reasonsunsatisfactorystudentperformance in
college-level general chemistry remains acritical area of concern.

Since basc constructivsm indicatesthat the prior knowledge and skills with which
students enter a course play arole in success (or its abseue), it is bath possibleandvalualle
to identify studentswvho areat-risk of not succeedingn a courseat the point whenthey first
enterthe course. To do so providesthe oppatunity for assistingthese studentsearly on,
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while success is till possible. Further,knowledgeaboutthe factors contributing to low (at-
risk) performance can inform the design of interventions aimed toward reducing the
challengedacedby thesestudens. The first task is identifying the at-risk popuation with
reasonale accuracy,and the secad is suggeting potential interventions. Idedly, the
measurausedfor identificationcontainswithin itself implicationsfor a potentialremedy. This
paper compares the accuracy, degree of overlap, and implications for potential interventions
of two measuresthat can be usedto identify studentsat-risk of not succeeding in general
chemistry. It therefore joins a long history of Opredictopapersbut is unique in its
combination of generalizability, a focus on atrisk students, and consideration for the
implications of choosing a particularpredictor.

The need for more workvith predictors

Extensive work has been done on the ability to predictsuccessn collegechenistry. Past
studiesof college chenistry have exanined the ability of SAT (Pedersn, 1975; Pickering,
1975; Benderand Milakofsky, 1982; Craneyand Armstrong, 1985; Nordstrom 1990; Bunce
and Hutchinson,1993; Spencer,1996), ACT (Camichael et a., 1986; Nordstrom, 1990
House, 1995), high school GPA (Carmichael et al., 1986), high school chemstry grade
(Ozsogononyan and Loftus, 1979; Craney and Armstrong, 1985; Nordstrom 1990),
personalitycharacteristic§House,1995) and Piagetiantasks(Benderand Milakofsky, 1982;
Bunce and Hutchinson,1993) to predictfinal chemstry course grade. In al these studies,
however, the use of chemistry grade as an outcome variable relies on the ability of chemistry
grade to approximate chemistry understanding. The extentto which this approxination is
valid depends on several decisions peculiar to the course, the instructor and the institution.
Decisions such as grading on a curve or an absolute scale,gradingbased completely on exam
performance versusconsiderationof studenthomework, the allowance of extra credit, and
eventhe method by which eachexamwascreatedcan all alter the extent to which chemistry
gradegeflecttrue studentundersanding of chemstry. As aresult, the generalizaliity of the
above studiesdependson whethe al of these factors are handled the same way at other
institutions. Of the studiespresentedabove,the work by Benderis the only oneto provide
detailed evidence of the grading procedures employedsothatareplicaion could be attempted
at another institution.

A more replicable option for an outcome variable is the use of a single exam as a measure
of studentsOchemistry understanding. The examquestionscan readily be made availablefor
scrutiny in order to provide a clearpictureof whatconstitute successn chenistry, with none
of the anmbiguity surroundingcoursegrade.In addition, the scoringof a single examlends
itself readily to the statistical procedures commonly usedwith predictors. One example of
sucha procedureés presentn Yageret al.Ogxanination of the effectsof taking high school
chemistry (Yager et a., 1988). In this study, studentsvere measuredn a standardexam a
course final exam, and by a final course grade to provide multiple measures of success in
chemistry. In particular, the use of a standard exam allows for a ready assessment of
generalizability.

Finally, considerable work has gone into the developnent of chenistry-baseddiagnostic
exams for course placement and prediction of performance (Russell, 1994; McFate and
Olmsted Ill, 1999).Theseinstrunmentstendto incorporateboth math andchenistry questions
and can be said to measurechemstry ability rather than incomng chenistry-specific
knowledge. Such instrunents seemto have a reasonablyhigh successrate in predicting
chemstry gradegMcFateandOlmsted Ill, 1999 Leggetal., 2001;Wagneretal., 2002),but
leave open the question of what can be done to assist the students who scorelow on such
measures. Some suggestions put forth include recommending increased study time or
remedial courseworkfor suchstudents. Similar suggestionsre presentedn YagerOstudy,
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But thesesuggestionslo not necessarily lead to specific remedies. for example, what should
be the design and intent of remedial coursework? How should the increased study time be
spent? Even in the case of chemistry-focused exans that can identify specific deficiencies
indicating that studentsdid not achievea sufficient undersanding of chemistry via their
earlierchemistry courseshow shouldwe constuct a second attempt to teach these concepts
so that it will be successful? These questions are of particular importance, since recent
researchhassuggestedhat remedial coursevork may offer only margina improvements in
chemistry success (Bentley and Gellene,2005;JonesandGellene,2005).

Our dissatisfaction with the remedies that can be offered on the basis of chemstry
diagnosticexans or high schoolchemstry GPAs led us to the most importantfacet of our
study. In particular, we wanted to compare two potential methods of identifying at-risk
studentsthat would suggestslightly different remediesin orde to consider whether either,
neither,or bothremediesaretenable Our studythereforecomparegwo predictors, one with a
long history of success at predicting coursegrades(SAT scoe), and anotherwith a sound
theoreticalunderpinning(formal thoughtability) but with less information available as to its
efficacy as a predictor in a college chemistry setting. As will bediscussel in the next section,
formal thought ability has a theoretical link to specificchenistry topics,anda researctbase
aimed at improving formal thought performance (Lawson and Nordland, 1976; Adey and
Shayer,1990; Shayerand Adey, 1992a,1992b, 1993) means that interventions to improve
formal thought could be readily applied. In a similar fashion, the role of Math SAT in
predicting performance implies that math skills are responsible for success, which would lead
to specific suggestions of additional math course work or tutorials.

Although our study joins a long history of predictor papers,no one hasyet offered a
replicable predictor study that contains within itself clear guidelinesfor the constructionof
remedies. Further, our focus is predicting stucents at-risk of performing poorly in genera
chemistry, since it is for these studentsthat interventionsare needed.This meanswe look
specifically at how well the predictors in our study identify studentsvho performatthe lower
end of our outcome measure, something which few previousstudieshave done. (Notable
exceptionsareLegg (Legg et al. 2001)and Wagner (Wagneret al., 2002)).For our outcone
measureasa resultof consideing the limitations of previous studies based on coursegrades
(discussedbove),we chosea standardexamdesignedto measurestudentunderstandingpf
chemistry. Our results are therefore generalizable to the extent that the content of this exam
matches the desired outcomes at otherinstitutions. Theexam is available to the public, so this
determination can be made (Examinations Institute of the AmericanChemicalSociety,1997).
Further, our study allows us to see whether, in the specific case of college chemistry
performance,a simple paperandpencilmeasureof formal thoughtability, the Testof Logical
Thinking (TOLT), can stand up against the SATOs successful history.

Formal thought and science achievement

With the intent of identifying at-risk students in a way that would inherently suggesta
particular remedy, our predictor selectionshad to be focusedon measuresthat have the
potential to describe a large hindrance for students. Because of its basis in a well-described
learning theory, the construct of formal thought offers the ability to suggestspecific
difficulties students face, leading to specific remedies. Formal thoughthasbeendescribedas
one of a seriesof factors necessaryfor a successful performance (Lawson, 1979, 1983;
Chandraretal., 1987),sothe absence of formal thoughtwould definitely be expected to lead
to a poor perfanance b exactly what is necaydar a good predictor of at-risk status.

Formal operational thought is the last stage of cognitive developnent as describedby
Piaget,in which Odeductiono longerrefersdirectly to perceivedreality but to hypothetical
statementsO(Inhelder and Piaget, 1958). In formal thought, possibilities are regarded as
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hypotheticalat first, and thenverified by empirical evidence:in short,deductivereasoning.
Contextually, this leads to the meaningful manipulation of empirical results, as well as a
familiarity with the abstract. Also taken from Piaget@ work is a series of reasoning patterns

that would describeformal thought operatons. Adey and Shayer (1994) groupedthe
reasoning patterns into three main categories. The first category, the handling of variables,

includes the control and exclusion of variables, the recognition of multiple classification

schemes, and the description of combinatorial possibilities. The second category,
relationshipsbetweenvariables,includesthe useof ratios andproportion(comparingof two

ratios), as well as compensatior(use of invers relationships),correlationand probability.
The final group, formal models, describesthe creation of an abstractrepresentatiorof

conplex behaviours. Also includedin this lastgroup is the use of logical reasoning. Within

Piagetiantheory, the onsetof formal thoughtwould be chaacterizedby the developnent of

al the cognitive operations at about the same time, a postulate that has been supported by

empirical evidence (Lawson and Renner, 1975; Lawsonand Nordland,1976; Lawsonet al.,

1978).

Certainaspectof formal thoughthavebeensuggestedis explainingthe difficulty some
students face in chastry. The second categomglationshipetweervariables, for example
could explain an inability to relate mathematical formulas to underlying concepts,a task
frequently required in chemistry. In keeping with this idea, some researchers have
hypothesizedwvhich chenistry conceptsrequire formal thought (Herron, 1975), and others
have investigated links between formal reasoning ability and conceptualunderstandingpf
specifictopicsin chemistry (Abrahamand Williamson, 1994; Demerouti et al., 2004). Neo-
Piagetiartheoriesof learningstll incorporateformal thoughtability asoneof severalcritical
cognitive factors important for problem-solving in chenistry (Niaz, 1987, 1996; Tsaparlis
2005). Tsaparlis et a. investigated the effects of several cognitive variables on student
performance on several types of molecdar equilibrium problems and found that
developmental level in terms of formal thought ability was the most importantpredictor of
success however, additional work led to the identification of developnental level as a
potentially confoundingfactor in studiesusing chemistry problens with conplex logical
structures to investigate the importanceof working memory capacity(Tsaparliset al., 1998;
TsaparlisandAngelopoulos2000).

Formal thought has been postulated as a necessary condition eitherdirectly or indirectly,
for conceptualchangeto occur (Oliva, 2003). Thus, in addition to describingstudentsO
incoming abilities, formal thought may play a role in whetherand how studentsactively
incorporate new information presented in the course. One early exanple is the work of
Lawsonand Renner(1975), who showed that studentsat the concreteoperationalstageare
unableto develop an understandingof formal concepts, and that students at the formal
operational stage denonstrate an understandig of both formal and concrete concepts.
Lawson(1982,1985) pointedout that suchresultscould be interpretedargely asa spurious
correlation, describing what might be a more generalintelligence measureunderlying the
success seen on both measures. In the 1982 study, a partial correlation betweenformal
thought and biology achievement while controllingfor fluid intelligencerevealeda significant
relation, illustrating that it was the formal thought measure that bettercorrespondedo this
biology achievement measure.

We continuethis line of investigationby examning whetherformal thoughtfeaturesa
uniquerelationshipto overall achievement in college chemistry. While Lawson demonstrated
that controlling for a generalintelligencemeasire did not remove the relationshipbetween
formal thought and biology achievenent, no one has investigated whether a general
achievement measure, such as SAT, may be at the heart of that relationship. The potential
overlap between general achievenent and formal thought has important classroom
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implicationsfor assistingat-risk students. If formal thoughtandgeneralachieverent havea
high degree of commonality in relating to courseperformance, thenformal thoughtmapsonto
a broaderrangeof generalabilities and any potential remedies should considerthis. For
example, efforts to promote formal thought alone may have limited utility, as other factors
such as math ability would still hamper success. However, if students with low formal
thoughtare hinderedin the courseregardiess of scores on the general achievement measure,
then formal thoughtstill represets a seriesof specific traits that are independenbf more
general measures. In this case, interventions targeted solely toward the development of
formal thoughtwould havesignificant potential to assist at-risk studentswhereashosethat
focus solely on developingath skills (su& asalgebraiomanipulation)would not.

Although the contrastbetweena generalachevenent measureand a formal thought
measure provides theoretical interest, the primary goal of this study is to produce a
generalizable model for identifying at-risk students that will be useful for recommending
specific interventions leading to success in general chemistry. It isin this frame that we have
discussedhetwo potentialpredctors andthe implicationsarsing from their comparison. Our
goal therefore leads to a series of research questions:

I Which predictor, SAT or a formal thought measire, is better able to identify at-risk
students?

I Are the at-risk studentsidentified by eachpredictor distinct groups, which may lead to
more specific interventits geared foeach goup of student8

I Can a combinationof SAT and formal thought measuresprovide an advantagein
identifying at-risk students?

I And, to whatextentareall at-risk studens identified by this setof predictors?

Methods

Instruments: predictorand outcomevariables

SAT

The SAT is a college entranceexamcommonin the U.S,, typically administered in a
studentOinal yearof high school (EducationalTestingService,2006). Whenthe SAT data
were obtained, the mathematics portion of this multiple-choice exam covered basic topics in
mathematics, including algebra, geometry, data analysis,andprobability and statistics,while
the verbal portion involved reading conmprehension and vocabularyskills. SAT sub-scores
were obtained from the university@ registrar as they were reported from the Educational
Testing Service.SAT sub-scorediave beenfound to havereliability coefficientsexceeding
0.9andalargebody of researcthasdenonstratedoredictivevalidity towardscollegegrades,
convergentalidity with otherpredictorsusedin admissions,and constructvalidity by panel
reviewsanditem analysiS(CohenandCronbach1985).

Test of Logical Thinking (TOLT)

Several measures of formal thought have been developed, validated and utilized in the
research literature. What these measures share is an attempt to approximate the origina
Piagetian interviews. Emulating a Piagetian interview is problematic, especially with large
numbers of students, due to the time-intensive nature of the interview procedure. As aresult,
written exans, in particular, have beenconstucted to take the place of these interviews.
Perhaps the closest approximation to the interview procedures Shayerand AdeyOsScience
ReasoningTasks (Shayerand Adey, 1981), in which studentsare askedto make written
predictions before they witness demonstrations and then are asked to explain what they saw in
each case. Depending on the task, questions may be free-response or require students to
select from a set of responses.
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However, for the presentstudy, with class sizes approaching200 students,we were
concernedaboutthetiming for studentresponseanddoubtiul thatall studentavould be able
to witness a demonstration adequately. As aresult,we electedio choose a completely written
exam Among the possibilitiesare the Inventory of PiagetianDevelopnental Tasks,IPDT
(Bender and Milakofsky, 1982); the Group Assessrant of Logical Thinking, GALT
(Roadrangkaet al, 1983);the Testof Logical Thinking, TOLT (Tobin and Capie,1981);and
the Piagetian_ogical OperationsTest,PLOT (Staverand Gabel, 1979). Of these choices, the
TOLT was selected because of its ease of administration (normally taking 40 minutes of class
time); two-tiered question design, which reducesthe possibility of students@uessingthe
correctanswer(Treagust,1988); publishedvalidity (Tobin and Capie,1981),andusein the
researchliterature (Haidar and Abraham, 1991; Yarroch, 1991; Williamson and Abraham,
1995; BouJaoudeet al., 2004). Additionally, a SpanishlanguageTOLT hasbeendeveloped
and validated, making the instrument available to a larger audience(Acevedoand Oliva,
1995). Becauseof the easeof administrationand bilingual availability, the TOLT may be
seen as a preferential predictor to the SAT from an international perspective. For this case
andothersin which SAT scoredor enteringstudents are not widely available, the TOLT can
begivenin lessthanoneclassperiod.

The TOLT wasdevelopedndvalidatedby Tobin and Capie to measure what they termed
formal reasoningability. In orderto do soitems previouslyusedby Lawson(Lawson,1978;
Lawson et a., 1979) were selected so that the test comprised two items for each of five modes
of formal reasoning:controlling variables, proportional reasoning,probabilistic reasoning,
correlationakeasoningandcombinatorialreasoning.To receivea correct score for each item,
studentsneed to selectthe correctanswerfrom up to 5 choicesand select the correct reason
for the answer from 5 possiblereasons.The only exceptions are the combinatorial reasoning
guestionswherestudentsarerequredto list all the correctcombinatorial possibilitieswithout
any replication. The validationof TOLT wasdoneby relating studentscoreson the TOLT
with student performance via interviews, for studentsranging from grade six to college
(TobinandCapie,1981).

ACS OSpecial® Exam

As noted, a large variety of predictor papes rely on studentgradesas an outcone
variable. As a research base, the results of thesestudiesare generalizablenly to the extent
one can assume that student grades at the researchinstitution match the desiredstudent
outcomes of other locales. More importantly, without extensivedetail, this assumption
becomes impossible to assess. With the desire to produce a generalizable model for
identifying at-risk studens, we selectedan exam produced by the American Chemical Society
(ACS), whose Division of Chamical Education featuresan Examnations Institute, which
provides exams to chemistry teachers and administratorsin high schools, colleges and
universities.This examis copyrightedand kept securesoit canbe givento candidategear
after year, making it easyto make valid comparisonsof studentscaesfrom different years
and institutions.

The Examinations Institute offers more than fifty exams covering general chemistry,
organic chemstry, analytical chemstry, physical chemstry, inorganic chemstry,
biochemistry, polymer chemistry, and high school chemistry (American Chemical Society,
2006).Thefirst semestergeneralchemstry exans include various lengths of a conventional
examanda specialexanmnation (SP97A)meart to combine conceptual knowledge questions
with the conventional (algorithmic) type questios. Giventhe recen pushtowardscornceptual
understandingof chemistry in the reseach literature (Pickeing, 1990; Sawrey, 1990;
Nakhleh, 1993; Nakhleh et al., 1996 ) our view is that both conceptualand conventional
assessment methods play an important role in the objectives of most general chemistry
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courses.As aresultwe selectedhe ACS specal examination as the outcome variable for this
study. Thoughthis examplayeda largerole in deternining studentgraces (it served as the
final exam for the course, 25% of studentgrades),there were other factors that also
contributed to student grades. Thus, it would be possible, though unlikely, for a student to
conplete the course successfully disja poorperformanceontheexam.

Participants

The TOLT was administered during the first week of clas®s in 22 classesof the first
semester of general chemistry at alarge southeasternpublic urbanresarchuniversityoverthe
course of three academic years. Students were given 45 minutes to complete the TOLT.
Taking the TOLT comprised a small portion of the students@rades and studentswere not
graded based on their performance on the TOLT. Theseadministratiorproceduresesultedn
TOLT scoresfor 3798 studentsout of an estimated 4180 studentsenrolledin the 22 classes.
Of the 3798 students 56.0% of the studentswerein their first year in college,62.1% were
female and74.1%reportechavingatleas one full year of high school chemistry.® A majority
of the students described their major or intended major as preemed or alied health
professions. Finally, when aske&l aboutthe gradethey expectedto receivein the course,
97.2%respondedvith eitheran A or aB. Only one student reported anticipatingfailing the
course.

At the endof the course students took the ACS exam as afinal exam to measure student
acadernt achieverent. Of the 3798 students, ACS exan scoreswere availablefor 2871
students (75.6%). Since completing the ACS exam was a course requirement, the likely
reasonfor not obtaining ACS exam scoreswas studentsnot conpleting the course.Finally,
student SAT scores were obtained from institutional records. Among the 2871 students that
took the ACSexam, SAT scores were available for 2284 students. The most likely causes for
missingSAT scoresverestudentgaking the ACT in place of the SAT or students enrolling in
the courseafter SAT recordswerepulled. Thefocusof the analysiswasthe 2284 studentdor
whom complete data was available. The decision to omit missing data will be revisited in a
later section, particularly since the missing data may disproportionatelyrepresentat-risk
students.

Examining the data

Among the complete data, steps were taken to determine if there were any outliersin the
data,so that no single datapoint would havean unusuallylarge effect on the resultsof the
analysis. Outliers were determined by evaluation of the standardized residuals for a multiple
regression model that included both SAT sub-scoresand TOLT. An exanination for any
standardizedesidualsgreaterthan 3 (Stevens, 1999), revealed nine studentsfound to be
inconsistent with the general pattern, and these were omitted from future analysis, resulting in
2275 students.

Prior to examining the trends between variables, descriptivestatisticswere evaluatecand
are presented in Table 1.

Table 1. Descriptivestatigics for measuresused.

TOLT Math SAT Verbal SAT ACS Exam
(0-10) (200-800) (200-800) (0-100)
Mean 6.80 559.14 540.58 52.02
St. Dev. 2.613 83.505 82.648 16.638
SkewnesgStd.
error= 0.048) -0.664 -0.048 0.070 0.240
Kurtosis (Std.
error= 0.097) -0.452 -0.166 -0.115 -0.690
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The normality tests indicate that the TOLT scores feature a significant negative skew,
indicating the scores were more heavily distributed at the highervalues. This may bearesult
of the setting of the study, since the TOLT was designed for grades 6 through college, while
the sanple consistsertirely of college students. While most statistical tests rely on a
normality assumption, the tests employed are also very robustto violations of normelity
(Cohen et al., 2003).

Analysis pocedures

As described previously, several research questions guided the nature of this
investigation. To investigateeach question, inferential and descriptive statistics were used.
Inferential statistics established the utility of the predictors by relating the predictors to
performanceandassistedn interpretationof the descriptive statistics. Where possible, effect
sizeswere reportedas a standadized measureof the differencesseen,and operationalized
usingCohenOgualitativeterms: small, medium andlargeeffects. As Cohendescribeghem
small effects are where the effect is small relative to the effect of uncontrollable extraneous
variables (noise), medium effects are thought to be large enough to be visible to the naked eye
and large effects are describedas clearly visible (Cohen et a., 2003). Descriptive and
inferential statistics were used to relate the ability of the models to identify at-risk students.

The first step in identifying at-risk students is to classify what would constitute an at-risk
student. Typically, a gradeof OCE meant to denote an average performance, and students
whose scores fall substantially below an average performance canbe consideredat-risk. For
this study, substantiallybelow averagevasconsideredo be scoringbelow the 30" percentile
on the ACS exam. For this sample, students who scored below 43.3% correct on the ACS
exam(i.e. morethan0.525standarddeviationsbelow the mean),representhe at-risk group.
802 out of the 2275studentq35.3%)in the samplescoredbelowthis cut-off. Sinceit would
have been conceivableto make the decisionregardingthe at-risk cut-off differently, the
effects of choosing different cut-offs aresclissed in a later portion of this paper.

Results

Which predictor, SAT or a formal thought measure, is better able to identify at-risk
students?

First the extent to which TOLT and SAT sub-scoreshave a linear relationshipwith
academic performance was determined via correlation aralyss. Theresultsfrom the relevart
correlationsarepresentedn Table2.

Table 2. Comparison of correlation coefficients.

TOLT VSAT MSAT ACS Exam
TOLT ---
VSAT 0.492 ---
MSAT 0.654 0.625 ===
ACS Exam 0.510 0.527 0.608 —

all coefficients p < 0.001

The presence of significant positive correlation coeffi cients is indicative of a relationship
with academic performance among all the predictors. Correlationcoefficientsalsoprovide an
indication of the strengthof relationship betweenthe predictorsand the outcorre variables.
Using CohenOeffectsizeoperation eachof the predctorsfeaturesa largeeffectsizewith the
outcome variable, and a large effect size between each predictor. Thus each predictor is
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believed to be a reasonable construct in explaining ACS exam score, and consideration will
need to be given to the possibility of the predictors over-lapping. This is consistent with our
goal to deternine whetherformal thoughtand general achievement can be thought of as
distinctly different in terms of their bearingon collegechemstry achievenent.

In order to determine the ability of the predictors to identify at-risk students, two linear
regression models were used. The first model relatesTOLT to students@coreson the ACS
exam andthe secondelatesthe SAT sub-scoreso the ACS exam The combination of both
SAT sub-scoreth onemodelwaschoserto represent the practical option for data available to
instructors. The results from the two regression models are shown in Tables 3 and 4 below:

Table3. TOLT model results.

Coefficient Slope Std. Error t-value p
Constant 29.936 0.837 35.748 <0.001
TOLT 3.245 0.115 28.249 <0.001
R*=0.260 Model F = 798.006
Table 4. SAT model results.
Coefficient Slope Std. Error t-value p
Constant -25.196 1.995 -12.630 <0.001
SATV 0.04864 0.004173 11.657 <0.001
SATM 0.09107 0.004130 22.050 <0.001
R” = 0.405 Model F = 774.514

Using each moddl, it is possible to depict which students would be identified as at-risk by
each set of predictors. For the TOLT model, TOLT scoresof 4 or less are predictedto be
below the cut-off. By this criterion,the TOLT modelidentifies471 students in the sample to
be at-risk. Of those 471 students, 332 students had an actual ACS exam score below the cut-
off, indicating 70.5% of thosepredictedwere correctly classified (see Table 5). Of the 139
incorrectlyclassified,75 scoredbelov average nthe ACS exam

The SAT model predictsstudentsto be below the cut-off via a variety of SAT score
combinations, so it is not appropriate to name a singlesetof SAT cut-offs. However,asrule
of thumb, scores below 500 on both the math and verbal portion would qualify asat-risk in
this context, although a score below 500 on one portion could potentialy be offset by a higher
scoreon the other.Application of the SAT modée led to a classificationof 451 studentsasat-
risk basedon the combination of SAT sub-scoresslightly lower thanthe number of students
the TOLT model predicted. Of the 451 students, 327 were correctly classified, a 72.5%
successate,arateslightly higherthanthe TOLT model(seeTable 5). Of the 124 incorrectly
classifiedin this group,69 scoredbelowaverage.

Table 5. The model predictions: at-risk students.

Predicted Actually % correct
At-risk At-risk predictions
TOLT model 471 332 70.5%
SAT model 451 327 72.5%

The similar success rates in identifying at-risk students is curious, given the lower R? of
the TOLT modelconparedto the SAT model. As a measureof goodnes®f fit, it is expected
that the higher the R? value, the better the model would be at predicting scores. This
expectation would hold true if predictions for the entire sample were considered. However, in
looking only at the at-risk students, a subset of the sample is being examined. Why the TOLT

Chemistry Education Research and Practice, 2007, 8 (1), 32-51



S.E. Lewis and J.E. Lewis 41

model is able to identify at-risk students better than expected based on its R* value may be
understoody consideringhefollowing scatter-pbts,in which the relationshipbetweenACS
examscoreand TOLT canbe conparedwith the relationshipbetweenACS exam score and
Math SAT. Becausef thelarge numberof datapoints, a 20% randomsanple of the datais
used in these plots.

Figure 1.Low TOLT identifiesat-risk. Figure 2. SAT predicts entire range.

ACS Exam vs. TOLT A5 Exaim vi, Math SAT

-
L]
EERREEE &%

BC5 Ewam
" =5

ALY B
EINNEEEEE W
i B .

TOLT Bath 5AT

The TOLT plot (Figure 1) demonstrates that the variability of ACSexam scoresis low for
the low TOLT scores, while the ACS exam scores span almostthe entire rangefor the high
TOLT scores. This broad distribution at the high end is the likely cause for the lower R? for
the TOLT modelascomparedo the SAT model. In the Math SAT plot (Figure 2), a more
linear trend is observed: high Math SAT scores correspondo higherACS examscoreswhile
lower Math SAT scorescorrespondo lower ACS examscoles,which would leadto a higher
R?. (Verbal SAT hasa similar distribution,asdoesa combination of thetwo SAT sub-scores
using the weighting found in the regressiormodd; only one of thesethreepossibleplots is
shown for simplicity). For this reason, SAT would be better suited for identifying successful
studentsthan TOLT, while the at-risk studens in this sample are comparably identified by
each model.

Are the at-risk studentsidentified by eachpredictor a distinct group, which may lead to
more specific interventions gearedat eachgroup of studens?

Since all three predictors (TOLT, Math SAT, andVerbal SAT) usedin the two models
featurestrongcorrelationswith eachother(Tale 2), it is tempting to hypothesize that poor
performanceon any oneof thethreeis indicativeof poor performanceon all, sothata student
predictedto be at-risk by one model would also be predictedto be at-risk by the other.
However,this turnsout to hold true for just over one-halfof the cases predicted to be at-risk:
of the 471 studentgpredictedto be at-riskby the TOLT modd andthe 451 studentgpredicted
to be at-risk by the SAT model, only 266 of the studens were classifiedas at-risk by both
models.It is usefulto considerthreeexclusve categoriesstudents predicted to be at-risk by
both models,at-risk by only the TOLT model, and at-risk by only the SAT model. Table 6
shows the number of students that fall into each category (top row), and the resulting
performance on the ACS exam for each category (middle two rows). The bottom row of the
table presents the ratesaafrrect preittion in each category for cqrarison.
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Table 6. The overlap between models.

Model Predictions Only TOLT Only SAT Both models At-risk
of At-risk Status At-risk (n=205) At-risk (n=185) (n=266)
Correct (scored

Below Cut-off) 113 108 219
Incorrect(scaed

Above Cut-off) 92 " 47

% Correct 55.1% 58.4% 82.3%

From Table6 it appeardhateachmodel, TOLT and SAT, descibesa distinct trait that
hinders success in chemistry. There is a distinct group of 113 students that performedpoorly
onthe TOLT andonthe ACS final examwhile peforming satisfactorily on the SAT measure.
A similar situation occurs for 108 students who performed poorly onthe SAT andonthe ACS
final examwhile performng reasonablyvell onthe TOLT. Thesetwo casesdienonstratethat
the two models identify different groups of students as being at-risk, even though 219
studentswere correctly predictedby both models to be at-risk. It should also be noted that
neither of the modelsidentifies all studentswho are at-risk: out of the 1619 studentsnot
predictedto be at-risk by eithermodel, only 1257 (77.6%)in fact perforned abovethe cut-
off. Thiswill aways be the case: the models attemptto identify factorsthatarenecessaryor
success in general chemistry, but necessary does not rean sufficient.

Statistical comparisons between percent correct predictions employed an arcsine
transfornation to stabilizevariances(Cohen,1988). The highestpercentcorrectis for those
who would be classified as at-risk by both the TOLT model and by the SAT model,
denonstratingthata combinationof low scoreson both measures leads to a greater chance of
studentgerforming poorly on the ACS final exam.The differencesn correctprediction rate
between this ®othOcategory and each of the two OalyOcategories were significant with a
medium effect size. No evidencesupportinga significant differerce in percentcorrect
betweenthe only TOLT categoryand the only SAT categorywas found, indicating that
neither model isolates a distinct groupof at-riskstudens betterthanthe other.

Can a combination of SAT and formal thought measuresprovide an advantagein
identifying at-risk students?

The previous discussion has shown that, if both the TOLT modd and the SAT model
predict a student to be at-risk, that is very likely to be the case! However, this post-hoc
combination of the predictionsof two different modelsmay be too conservativejdentifying
only a relatively small number of at-risk studentslt may be possibleto constructa single
model using both sets of predictors that will retain a high success rate and identify a larger
number of at-risk students. To investigate this possibility, a model (shownin Table 7) was
constructedo useboth SAT sub-scores and TOLT scores:

Table 7. Combined TOLT and SAT model.

Coefficient Slope Std. Error t-value p

Constant -19.477 2.106 -9.250 <0.001
SATV 0.04410 0.004163 10.594 <0.001
SATM 0.07253 0.004738 15.310 <0.001
TOLT 1.0440 0.13574 7.691 <0.001
R*=0.420 Model F = 549.274

Eachpredictorenteredthe model significantly, indicatingthat, evenwhencontrolling for
the variability that comes from the other predictors,both SAT sub-scoresand TOLT still
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featurea significant relationwith the ACS exam, which is consistent with the interpretation of
thedatain Table 6 that TOLT andSAT map onto performancein distinctways.(Notethatthe
incorporation of interaction terms TOLT*MSAT and TOLT*VSAT into the modeladdsonly
0.009to R therefore, these terms were not retained in the model.) Similar to the SAT model,
this newmodel thatcombineshoth SAT sub-soresandTOLT scoreshasmany comrbinations
of predictor scores that would result in an at-risk prediction. The combined model predicts
489 studentdo be at-risk, higherthanthe 266 predictedby the overlapof the two individual
models. Of those489 students354 scoredbelown the ACS final examcut-off andthuswere
correctly classified. This leads to a success rate of 72.4%, which is only slightly higher than
the 70.5%seenwith the TOLT model, andessentidy equivalent to the 72.5% rate of the SAT
model. Further,of the 354 studentscorrectly classifiedby this combined model, 351 had
been identified by one of the two previous models. Thus the combination of both predictors
in a single regression model fails to provide an improved way to identify at-risk students,
since only three additional studentswere correctly found by combining the two sets of
predictors. Of the 135 misclassified,71 scoredbelowaverageon theexam

To what extent are all at-risk studenidentified by this set of predictors?

Of the 2275 students802 studens finishedthe coursebelow the ACS cut-off. Of these
802 students443 studenty55.2%)were identifiablebasedon scoredrom eitherTOLT, SAT
or a conbination of thetwo. Thusa sizableportion of the students that performed poorly on
the ACS exam was not identifiable by these models. We believe this finding may be
representativef a needto include non-cognitivepredictors,such as affective measures like
motivation or confidence, if the goal isto predict al at-risk students. However, it isimportant
to recognizethat many non-cogniive factors may featurea strong correlationwith general
achievement (House, 1995). Rather than attempting to include non-cognitive factors in this
study, it would be more appropriateto focus an additional study on the degreeto which
affectivefactorsaredistinctfrom generalachievenant, in the sane manneraswe havesetout
the conparison between fonal thought and general achievemnt.

At-risk cut-off

It is recognized that the decision to employ the cut-off at the bottom 30% of the sampleis
somewhatarbitrary,asothervaluessuch asthe bottom25% or bottom 33% could reasonably
suffice. To addresstheseconcernsand to understandthe impact of this decisionon the
conclusions reached, a SAS program was developed to calculate the percent correct
predictions for each model as the cut-off point is changed. The results have been plotted in
Figure 3.

First, note from Figure 3 that the models switch placesdependingn the cut-off decision,
but all of them remain relatively close together, so that no modeloffers a distinct advantage
over the others in terms of accuracy in identifying at-risk students. Also note the general
upwardtrend of percentcorrectpredictionsas the cut-off decison increases. This can be
attributed to chance guessing. For example, if the cut-off is placed at 20%, randomly
selectingstudentsvould get20% correctpredictionin identifying at-risk students.However,
if the cut-off was 40%, there would be a 4@#@nce of identifying atisk students by random
selection. In general, each model stays approximately 35 - 45% abovethe randomselection
method of identifying students.Now that we can describe the role of the models in the
identification of at-risk students for whom SAT scores were available, we will now turn our
attention to another important aspectof this study, the consderationof studentsfor whom
SAT scores were not available.
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Figure 3. Correctpredictionsfor eachmodel versus the cut-off point.
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Those without SAT scores

As mentioned, casesfor which SAT scoreswere unavailablewere omitted so that the
previouscomparisondetweenthe SAT modelandthe TOLT model could be undertakerfor
the same group of students.This omission presents some interesting implications for the
study. A chief concernwith missingdatais the presenceof a trendin thosestudentswho
have missing data, becausethe presenceof any such trend represents a limitation in the
generalizallity. By omitting stucerts without availalle SAT scoresijt is necessaryo check
if the group omitted differs from the group studied. If so,thentheapplicablity of the analysis
to those omitted may be questionable. Table 8 presents the results from this comparison

Table 8. Comparison of those with SAT scores to those without.

Avg. score for those with Avg. score for those ; i ’
SAT (n, st dev) without SAT (n, stdev) | Utest | pvaue | d-value
TOLT 6.65 (2957, 2.656) 6.24 (841, 2.645) 3.934 | 0.000 0.155
ACS Exam 52.11 (2284, 16.724) 49.92 (587, 16.178) 2.839 | 0.005 0.133

The studentswithout SAT scoresscoredsignificantly lower on boththe TOLT measure
and the ACS exam measure than students with SAT scores. The d-value is the effect size for
comparing two means, with both values representing a small effect. Because of the
differencesbetweenstudentswith SAT scoresand those without, the studentswithout SAT
scoreslikely represenha non-randompopulation. For this reasonwe will exanine these
students separately in terms of the conclusions presented so. f

Therewere841 studentsn the original sanple without SAT scores, and 587 of those took
the ACS exam. While no claim can be made regardingwhat the SAT model would have
predicted for these students, the role of TOLT in identifying at-risk students can still be
investigated. To do this, a new regression model (Table 9) was fitted for just these 587
students.
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Table 9. TOLT model for students without SAT scores only.

Coefficient

Slope Std. Error t-value p
Constant 31.910 1.599 19.962 <0.001
TOLT 2.799 0.230 12.149 <0.001
R?=0.201 Model F = 147.587

45

As does the previous TOLT model, this model indicates a positive linear relationship
betweenTOLT andACS examscores. An exanination of the standarderror associated with
the TOLT coeffi cient (0.230) and the intercept (1.599) in this model indicates that it cannot be
consideredlifferent from the original model. It appears the conclusions reached regarding
the previous TOLT model also apply to the studentswithout SAT scores. Of the 587
students150scoredat or below a4 on the TOLT and would thereforebe characterize@sat-
risk. Of thesel50studentpredctedto be at-risk, 101 scoredbelowthe ACS final examcut-
off, giving a 67.3% success rate in classification. Of the 49 incorrectly classified,20 scored
below the average score. In short, the inclusionof studentdor whom SAT scoreswerenot
available reveals nothing inconsistent with the previous findings regardingthe utility of
TOLT. The conclusionthat TOLT as a formal thoughtmeasureidentifies a barrier to the
success of chemistry students holds true for those in our sample without SAT scores. The
distinct advantage of the TOLT model over the SAT modd hereis that, eventhough SAT
scores were unavailable, the ease of administration of the TOLT made it possible to identify
correctlyanadditionall01 studentsasbeingat-risk.

Thosewhodid notfinishthecourse

As mentionedearlier,thosewho did not finish the course represent a significant portion
of the at-risk student population. However, while leaving the course may be a function of
academic performance during the course, there are also a variety of other reasons for such a
departurerangingfrom personaheslth to financial trouble. For this rea®n, we are hesitant
to classifyall studentswvho did not finish the courseas at-risk students. However,giventhe
nature of the conclusions reached regarding the ability of TOLT to predict performance, it
will only be necessary to examine those whose TOLT scores fell a or below 4, to determine if
those stucents were in fact performing poorly when they left the course. This will be
approximated by reviewing studentsOscores on four instructor-generated, multiple-choice in-
course tests, in comparison to the class performance on the same test.

Of the 3798studentsn this study,927 studentg24.4%)did not takethe ACS exam Of
those927 students263 studentq28.4%)scoredat or belowa 4 onthe TOLT, which wasthe
criterion previouslyusedfor at-risk classificaton. Forty-two of the 263 studentslid not take
any of the tests,sotheir decsionto drop the coursecane reldively early,andunfortunately,
little elsecanbe saidof them However,of the remaining 221 students, 194 studentsscored
in the bottom 30% within their classon everytesttheytook. Of the remaining 27 students, 22
scored above this mark only once. While it is not possible to extrapolate an exact reason for
leaving a course from the data available, and indeed the decision is likely attributable to a
number of factors, the data do indicate that low academic performance probably played arole
in the decisionandthatlow performanceon the TOLT would haveservedasa warningsign
for this population.
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Discussion

What we have identified ith this studyis threefold:

1) Formal thought(asmeasuredy TOLT) andgeneralachievenent (asmeasuredoy SAT)
represent separate and distinct factors, each of which can be usedto identify at-risk
students.

2) Neithertheformal thoughtmeasurg TOLT) nor the general achievement measure (SAT)
is clearly superiorin terms of percentcorrect identification of at-riskstudents.

3) The easeof adninistrationof the TOLT makesit possible to use this measure to identify
additionalat-risk studentgor whom SAT scores are not available
The fact that both generalachievenent andformal thoughtrepresentistinct factors(see

discussion of Table 6) in this study isimportant. It seemsthere are at least three groups of at-

risk studentsthosewho do not havean appopriateknowledgeof mathematicsandlanguage
for success in chemistry, those who do not have the requisite reasoning skills for success in
chemistry, and those who lack both. In other words, even if a student performs reasonably
well on the SAT, low formal thoughtahility canstill hinderhis or her successn chenistry,
and the reverse is aso true. Since this result shows that mathematics achievement and
reasoningability representifferent barriersto success, effective remediation aimed at these
two differentgroupsof studentswill incorporateareview of relevant mathematical and verbal
skills as well as the opportunity to work on developing formal thought ability. A remedial
coursefocusedsolelyat reviewing fundamental mathematical rules in the abstract (e.g. how to
isolate variables in an equation, how to manipulate logarithms) is definitely too narrow.

Connectingnathematical manipulationswith conaeteobservables chemistry could provide

some assistance to both groups; however, the chemistry content review in a standardemedial

coursehasnottypically led to succesdor alargeproportionof studens (BentleyandGellene,

2005). We suggestthat attention should be pad to the sequencingof conceptsin the

chemistry content review, presenting the most abstract only after a concretefoundationhas

been established(Tsaparlis, 1997; Sangeret al., 2001). Chamistry educatorshave also
achieved some success with improving cognitive skills suchasformal reasoningability in the
context of chemstry coursesvia the integraton of carefully seqenced problemsolving
activities, incorporating algorithms of increasing complexity, with conceptual instruction

sufficient to explain the owCand Owhy®é¥ the calculationsat each level (Tsaparlis, 2005).
Froma pedagogicaperspectivechemstry review lectureson concreteconceptsdut with

few graphics,animations, or demonstrationsrequire studentsto create their own mental

modelsof theseconceptsa skill associated with formal rather thanconcretehinking. Taking
advantage of the wide array of animations available for illustrating major concepts in
chemistry is perhaps the simplest way to scaffold learners with low formal thought ability in
the large lecture setting (Williamson and Abraham, 1995; Tasker et al., 1996; Sanger and

Greenbowe2000; Wu et al., 2001; Stieff, 2005). Anotheralternativeis the incorporationof

conputer-assistedearning activities to supplenent lectures. Simulations with a focus on

manipulating variables and repetition have shown promise with science learners of low formal

reasoningability (Huppert,2002. In general,researchex have recommendedhe use of

activelearningpracticeso avoid over-dependencen lectures(Chandraretal., 1987;Shayer,
2003).Tien et al. (2002) and Lewis and Lewis (2005) provide exanples of effective active
learning reforms that de-emphasize lectures without moving completely from the lecture
format.

Finally, in all cases, both quantitative and qualitativeinvestigdions of the effectsof the
reform on different groupsof studentsare neead to provide insight into whetherand how
thesereforms assistthose who need to developformal thinking skills as well as chemistry
knowledge. How should these investigationsbe conducted?indeed, considering formal
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thoughtas a factor distinct from generalachievenant in collegechemstry hasimplications
for researclaswell asfor teaching.The relationshipbetweerformal thoughtasmeasuredy

TOLT andchemstry perfomance(displayedgraphcally in Figurel) is important: TOLT is a

better predictor of at-risk studentsthan of successfulstudents.Therefore, studies that
investigatea relationskp betweenTOLT andacadmic performance through the use of linear

regressioror correlation(BouJaoudeet al., 2004) may be underestimating the importance of

formal thought. A large amount of variation in academic performance for students with high

TOLT scoreswhile congruentwith cognitive developnent theory, would leadto a reduced
proportionof varianceexplainedoy TOLT ascomparedvith otherpredictorsof performance

In otherwords, researchersnay be misled into thinking formal thoughtis not relevantfor a

given situation, when, in fact, the association of low formal thoudht ability with poor
performance is masked by the large variability in performancefor thoseat the higherend of

the TOLT. A suggestiorfor reseacherswho are consideringsuchmodelsis to dichotonize

TOLT scorescreatinga low TOLT scoreand high TOLT scoreclassifcation,an approach
that is better aligned with the theory of developmental stages. Another option would be to

consider students with low TOLT scores as a unique subsetof students. This latter option

should be of particularuse when evaluatingwhether pedagogicareforns are able to help

different groups of at-risk students.

Eventhoughthis studyfocuseson college-levelgeneralchemstry, it is aso worthwhile
to consider broader teaching implications. Longitudinal work from Novak has shown that
complex science instruction among elementary age students can show improved
understandingt the high schoollevel on similar conceptsfar removedfrom the intervention
(Novak, 2005). Therefore initiatives to improve formal thought ability could also be
ingtituted earlier in the educational stream, with the strong possibility for improving the trends
witnessed here at the college level. One such initiative, Shayer and Adey@ Cognitive
Acceleration program (Adey and Shayer, 1994), has shown promising results in promoting
cognitivedevelopnentamongmiddle schoolstudents.

Conclusions

In this study, formal thoughthasbeenfound to havea uniquerelationshipto chemstry
achievenent apartfrom SAT sub-scoreseventhoughthe two constructssharea medium-
sized correlation. Low formal thoughtability impedessuaessin chemstry asmuch aslow
SAT sub-scoresand formal thought has beenshown to representa necessaryfactor for
success in college-level general chemistry for a distinct groyp of students.Recommendation
for remediation and for future research were discussed in light of these findings. It is
important to note that, while both measures usedin the study had reasonale successat
identifying studentsat-risk of perfornming poorly in college-levelgeneralkchemstry, therewas
anadditionalgroupof studentsvhosepoor performancewasnot predictedby eithermeasure.
Therefore, factors that are unaddressed in this paper are also likely to play arolein success in
chemistry. Research into affective aspects of chemistry learning with specific emphasis on at-
risk studentswould complenent the cognitive appoachtakenin this paper. In particular,
identifying thoseaffective componentsthat preventstudentsrom achievingsuccesslespite
high cognitive abilities may help identify other distinct groupsof at-risk students and lead to
the developrant of targeted reedies for these groups.
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a. It was found that those students completing oneyearof high schoolchemstry or more
scoredsignificantly higher, with a consistensnall effect size (d=0.2), than those who did not
on al four measures (Table 10):

Table 10. Comparison of high school chemistry takers with non-takers.

Average Score (standard deviation, n)
< 1 full year of high " 1full year of high | t-value | p-vaue | d-vaue
school school chemistry
TOLT 6.19 (2.73, 936) 6.73 (2.61, 2678) 5.437 0.000 0.202
Math SAT 533.5 (84.8, 691) 558.2 (83.1, 2184) 6.770 0.000 0.294
Verbal SAT 523.8 (83.1, 691) 539.6 (81.7, 2184) 4.416 0.001 0.197
ACS Exam 48.0 (15.1, 660) 53.0 (16.9, 2107) 6.737 0.000 0.312

The high school chemistry taking population is thereforelikely not representativef the
college chenistry taking population. This also supports Chandran et al.0g1987) postulate
that studentdaking high schoolchemistry representi populationof studentghatarelikely to
succeed in chemistry.
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