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Chapter 2 

The relation between teachers’ performance goals and students’ 

mathematical achievement 
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Abstract 

The relation between teacher-set performance goals for individual students’ 

achievement and students’ actual mathematical achievement was investigated. Based on 

teachers’ performance goals and the assessment scores of 361 students, high teacher-set 

goals were found to be strongly related to student performance (effect size: d=.80). These 

performance goals were set by the teachers at the end of a step-by-step procedure, 

consisting of teachers’ initial expectations, the use of data, and team input. This 

procedure was expected to decrease negative expectancy bias. When the teachers’ 

performance goals were higher than their initial expectations we found that such positive 

changes were associated with better performance for the initially low achievers. In 

contrast, the initially high achievers, for whom the teachers set higher goals than their 

initial expectation, were found to perform worse than comparable students for whom the 

initial expectation and final goal were the same. 

 

2.1 Introduction 

Although the proficiency level of students in the Netherlands ranks rather high in 

international studies (Meelissen et al., 2012; Meelissen & Drent, 2008), there is concern 

about Dutch students’ mathematical skills (Expert group Continuous Learning 

Progression 2008; Royal Netherlands Academy of Arts and Sciences, 2009). In 

particular, the low spread between the students, combined with the fact that the number 

of excellent students is decreasing (Meelissen et al., 2012), leads to doubts about whether 

teachers succeed in fitting teaching to the varying needs of students and whether all 

students are challenged sufficiently.  

In line with recent international educational policymaking, this resulted in a focus 

on basic skills, on educational targets, and on data-driven decision making (DDDM). 

DDDM, or data use, can be used for school improvement purposes. Schildkamp and 

Kuiper (2010) defined data use as “systematically analyzing existing data sources within 

the school, applying outcomes of analyses to innovate teaching, curricula, and school 

performance, and, implementing (…) and evaluating these innovations” (p. 482). 

Through collecting, analyzing, and interpreting data – like students’ (standardized) test 

scores, results of informal assessments, daily work, information on classroom 

observations, etc. - schools and teachers create knowledge on which decisions for 

adequate instructional adjustments can be based, thereby reflecting a formative use of 

(assessment) data. Adjusting teaching to better fit student needs is assumed to lead to 
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targeted and deliberate teaching, resulting in better student achievement. Goals play a 

key role in this way of working as they make clear what the desired level of student 

performance is.  

 

2.1.1 The use of data for instructional improvement 

Researchers have identified several facilitators for effective data use. Effective use 

of data presupposes changes in school culture and in the way schools and school teams 

handle information (Datnow et al., 2007; Huffman & Kalnin, 2003; Levin & Datnow, 

2012). Clear, shared visions and understandings make up essential parts of such a school 

culture (Wayman, Jimerson, & Cho, 2012; Wohlstetter, Datnow, & Park, 2008). Another 

facilitator is strong leadership of the principal, who should organize a school climate that 

supports data use, for instance, by being enthusiastic about data, by creating a climate of 

trust, by providing sufficient time for teachers to use data, and by modeling the accurate 

use of these data (Schildkamp & Kuiper, 2010; Wayman, Midgley, & Stringfield, 2006; 

Levin & Datnow, 2012; Park & Datnow, 2009; Park, Daly, & Wishard-Guerra, 2013). 

Teacher collaboration can support the effective use of data too. When collaborating, 

teachers can analyze and interpret data together, diagnose areas in which students 

experience difficulties, give each other advice on instructional strategies, ask each other 

for help, and reflect on practice (Schildkamp & Kuiper, 2010; Wayman et al., 2006; 

Young, 2006). Professional development programs in DDDM should therefore make use 

of collaboration (Wayman et al., 2012). Wayman pointed in this respect to the advantages 

of small-group learning: the limited number of people could foster changes more easily 

and promotes active engagement of the participants. Moreover, by organizing 

professional development on data use in grade-level teams, program content and 

discussions can become more targeted. 

DDDM is supposed to positively affect student achievement, provided that 

teachers make appropriate adjustments in teaching and instruction based on the 

performance data. This mainly results from one of the key features of data use: that 

schools and teachers make explicit what they strive for (Lai & Schildkamp, 2013; 

Wohlstetter et al., 2008; Means, Padilla, Gallagher, 2010). When appropriate measurable 

learning goals are set, goal attainment can be monitored in order to evaluate teaching, 

and this information provides guidelines for instructional improvements. This ought to 

be a continuing process, in which reflection on the actual performance leads to 

adaptation of the teaching practice. Information about student performance and daily 

work, among other things, provides teachers with feedback on their own teaching 
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performance and such feedback can be used to improve future teaching (Hattie & 

Timperley, 2007; Kluger & DeNisi, 1996). This process can be supported using reflective 

cycles, like the formative models of Black and William (2009) and, in the Dutch context, 

the more test result-based approach of Ledoux, Blok, and Boogaard (2009). 

Several studies have shown that using data for school improvement can be related 

to student outcomes (Lai et al., 2009; Timperley & Parr, 2009; Carlson et al., 2011), 

though some large-scale effectiveness studies found only small or no significant effects 

on student performance (Henderson, Petrosino, Guckenburg, & Hamilton, 2007; Quint, 

Sepanik, & Smith, 2008). Hence, Slavin et al. (2013) argued that data use in itself is not a 

sufficient condition for improving student achievement. It only affects student 

performance when schools and teachers act on the information, by using evidence-based 

teaching methods. The studies by Goertz et al. (2009) and Lai and McNaughton (2013) 

also stressed the importance of changing teachers’ instructional behavior in order to 

align the information coming from the data to students’ needs.  

In the Netherlands, teachers seem to make insufficient use of data for formative 

purposes: teachers do collect data (like results on standardized tests and seatwork, and 

students’ classroom participation), but half of teachers refrain from analyzing them and 

taking consequent instructional actions (Educational Inspectorate, 2010; Ledoux et al., 

2009). Evaluating performance seems to be problematic as well, since only 25% of 

schools were found to establish explicit goals, whereas such goals are necessary to 

evaluate student outcomes in terms of the desired levels of performance (Educational 

Inspectorate, 2010). A study on educators’ ability to interpret results from a student 

monitoring system further showed that more than 70% of principals, senior support 

coordinators, and teachers did not reach the standard of accurate interpretation (that is, 

85% correct on the items used in a questionnaire), with teachers performing significantly 

worse than the other two groups (van der Kleij & Eggen, 2013). Although ecological 

validity issues may play a role in interpreting these results (in daily practice, teachers 

might get support from the senior support coordinator in interpreting the results of the 

student monitoring system), this is deemed an undesirable situation. It is unlikely that 

adequate instructional decisions can be made if they are based on incorrect 

interpretations.  

 
2.1.2 Goal setting 

Goals have played an important role in several studies on data use, reflecting the 

desired achievement levels of a district, school, class, or individual student (Levin & 
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Datnow, 2012; Carlson, et al., 2011; Wohlstetter et al., 2008). In the current study, the 

sole focus was on performance goals. Performance goals are expected to have a positive 

effect on achievement, since people are highly motivated to reach them. The goal ‘give(s) 

an activity meaning or purpose’ (Maehr & Zusho, 2009, p. 78) and, therefore, directs 

behavior. Locke and Latham (1990; 2002) argued that performance goals enhance effort, 

strengthen perseverance, and cause some sort of arousal. Especially in situations where 

people are committed to the goal, feel confident that they can attain it (‘self-efficacy’), 

and receive feedback on their progress, goals are found to strongly influence performance 

(Locke & Latham, 2002). Although Locke and Latham mainly drew their conclusions 

from industrial-organizational studies, their findings can be transferred to classroom 

settings, where the same goal-achievement mechanisms seem to occur.  

Findings on the educational effectiveness of performance goals were reported by 

Fuchs, Fuchs, and Deno (1985). In their study on goal mastery and goal ambition, 

moderate to high ambitious goals were related to better student performance. 

Retrospective interviews showed that teachers felt more aware of the concrete goals. 

Assessment and evaluation information further seemed to facilitate instructional 

decision making in order to reach the goal. These findings are in line with Locke and 

Latham (2006), who found that people do not need to be consciously aware of the goal all 

the time, since they assume that ”a goal, once accepted and understood, remains in the 

periphery of the unconsciousness as a reference point for guiding and giving meaning to 

subsequent mental and physical actions” (p. 267). In their study on curriculum-based 

measurement, Fuchs, Fuchs, and Hamlett (1989) further found that teachers who 

(regularly) adapted their performance goals according to students’ actual performance 

were more ambitious than those who did not, which was related to higher student 

achievement. According to Fuchs et al. (1989), ambition thus seemed to be inherent to 

the use of effective goals, although they should also be realistic.  

Performance goals that are set by teachers are probably to a large extent based on 

teachers’ (tacit) beliefs and expectations in terms of their students’ learning potential. By 

setting performance goals, teachers make these expectations explicit. Ideally, such a 

process would also promote teachers’ reflection about their own role in fostering student 

learning.  

 

2.1.3 Teacher expectations 

In a class, teachers are confronted with students who differ in terms of 

characteristics like academic ability, concentration, motivation, effort, and classroom 
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behavior. Teachers are aware of such differences and, as a result, they develop implicit 

and explicit beliefs with respect to the class and its individual students. These naturally 

formed expectations can have an impact on aspects like teacher-student interaction, 

instructional decisions, opportunity-to-learn, materials used, and task difficulty (Rubie, 

2003; Südkamp, Kaiser, & Möller, 2012; Jungbluth, 2012).  

Teacher expectations can be held at different levels. At class level, teacher 

expectations can be high or low for the group as a whole. These general expectations at 

class level were found to be associated with differences in classroom climate, 

instructional decisions, and goal orientation (Rubie, 2003). At the student level, teachers 

have expectations of individual students in terms of their behavior, actual performance, 

and capabilities. Such individual expectancies may be influenced by the stereotypic 

beliefs a teacher has about certain groups. These expectations at group level have been a 

central topic in studies on inequalities in education, in which it was investigated to what 

extent teacher beliefs about ethnicity, social class, learning disabilities, or sex related to 

student performance (cf. for ethnic minorities: McKnown & Weinstein, 2008 or Rubie-

Davies, Hattie, & Hamilton, 2006; for social class: Ready & Wright, 2011; for sex: 

Jungbluth, 2012 or Tiedemann, 2002). Although teacher expectations can be biased by 

such group characteristics, Hattie (2009) and Good and Brophy (2003) both noted that 

the accuracy of the expectations improves once teachers are given information about 

prior achievements or students’ participation in academic activities. A more refined 

picture of the individual student thus leads to more accurate expectations and such 

accurate beliefs about a student’s capabilities enable teachers to make adequate 

instructional decisions (Martinez, Stecher, & Borko, 2009). Moreover, another reason for 

avoiding teacher expectation bias is that a substantial part of such bias remains stable in 

time (de Boer, Bosker, van der Werf, 2010). Schools and teachers should thus become 

aware of their expectations and should aim to avoid being too hesitant or careful about 

what they expect from their students, as this would reflect negative bias. A realistic and 

accurate view of what students are capable of is to be promoted, or perhaps even a 

somewhat (too) optimistic and ambitious expectation, reflecting positive expectation 

bias. As de Boer and colleagues (2010) stated ”… schools and teachers should be more 

aware of the positive effect of positive expectation bias and that they might maximize 

their expectancies, within certain limits, for each student” (p. 178).  

Empirical evidence has been found that teacher expectations and student 

achievement are related. Findings from educational effectiveness studies provided 

evidence that high teacher expectations are associated with better student performance 
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(Scheerens & Bosker, 1997; Sammons, Hillman, & Mortimore, 1995). These studies, that 

aimed at determining the key characteristics for effective teaching, were comprehensive 

in nature. When specifically looking at research on teacher expectations, Jussim and 

Harber (2005) concluded in their overview of 35 years of research on the topic, that the 

effects of teacher expectancies, reflected by self-fulfilling prophecies, tend to be small. 

Self-fulfilling prophecies can be understood as relatively high or low teacher 

expectations, when compared to the actual capacities of the students, yielding 

better/worse student performance. Such self-fulfilling prophecy effects were found for 

approximately 5%-10% of the students, whereas for most students, teacher expectations 

tended to be accurate. Using ‘prediction without causation’ to define accuracy (Jussim & 

Harber, 2005, p. 141), Jussim and Harber argued that for most students teacher 

expectations predict but do not cause or influence their performance.  

Findings from more detailed studies, focusing on how teacher expectations were 

measured, refined Jussim and Harber’s (2005) conclusions somewhat. A factor that 

seemed to influence accuracy was the use of informed or uninformed judgment. 

Südkamp et al. (2012) found that judgments on student achievement were more accurate 

when information from standardized tests was used, as opposed to more informal 

judgments, in which teachers were unaware of the standard of comparison. Both the 

studies by Begeny, Eckert, Montarello, and Storie (2008) and Feinberg and Shapiro 

(2009) showed that the accuracy of teacher expectations depended on whether teachers 

had to compare and list their expectations of a student relative to other students in class 

(the relative proficiency level) or whether they had to predict how well students would 

score on a test (the absolute proficiency level). Teachers have been found to do fairly well 

on relative judgments (Hoge & Coladarci, 1989; Südkamp et al., 2012), whereas 

predicting student performance in absolute terms is more difficult for them. In predicting 

absolute achievement, differential effects were found: teachers tended to be more 

accurate for the good or average students than they were for low-achieving students 

(Begeny et al., 2008; Feinberg & Shapiro, 2009).  

The transformation of teacher expectations into explicit teacher-set performance 

goals might help to avoid negative expectancy bias (Bates & Nettelbeck, 2001; Feinberg & 

Shapiro, 2009). By deliberately thinking about students’ capabilities, while taking into 

account several sources of data that could inform this process, like performance data or 

knowledge shared within the school team, teachers might modify their beliefs about some 

or all students. In setting goals, teachers are further assumed to become aware of their 

own potential role in developing students’ abilities. After all, the teachers work with the 
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students and can make efforts to optimize student learning, for example, by providing 

more challenging questions, tasks, and interactions, that is, by offering them more 

opportunity-to-learn (McDonald, Flint, Rubie-Davies, Peterson, Watson, & Garrett, 

2014; Rubie-Davies, 2007).  

 

2.1.4 Research questions 

There is empirical evidence for the assumption that teacher expectations and 

performance goals are associated with better student outcomes. Teacher expectations 

seem to become more accurate and well-considered if more information sources are 

taken into account, like performance data, since teacher expectations are then based on a 

more refined picture of the student. As a result, negative expectation bias may be 

minimized, and positive expectation bias may be deliberately introduced. This is in line 

with de Boer et al. (2010), who promoted maximized teacher expectations and positive 

expectation bias, which would ultimately foster student opportunities. In the current 

study, we aimed to investigate whether we could relate teacher-set performance goals to 

student achievement, more specifically, in situations where expectancy bias was assumed 

to be minimized due to step-by-step procedure consisting of both performance 

information and team input. This led to the following questions: 

1. To what extent are well-considered performance goals related to students’ 

mathematical achievement, while controlling for pretest information and general 

academic ability? 

2. To what extent do teachers’ well-considered performance goals differ from teachers’ 

initial expectations? 

3. If they differ, to what extent are ‘positive changes’ associated with students’ math 

achievement, while controlling for initial differences? And to what extent can 

differential effects of the ‘positive changes’ be determined for the initially low and 

initially high math performers?  

 

Our first hypothesis was that there would be differences between the performance 

goals and the preliminary expectations, indicating that teachers used the information 

given in a step-by-step procedure at the end of which teachers set the final goals 

(Hypothesis 1). This procedure was assumed to stimulate teachers’ use of several data 

sources, thereby refining possibly incorrect or biased preliminary teacher expectations. 

Furthermore, we expected that these performance goals related to student achievement, 

and that high teacher goals were associated with better student math outcomes 
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(Hypothesis 2). This hypothesis resulted partly from our assumption that teachers would 

perform better as a result of their enhanced motivation to reach the goals they had set. In 

their attempts to reach their goals, teachers were supposed to make more deliberate 

instructional decisions in order to better fit their teaching to students’ needs, for 

instance, by adapting their instruction and through improved questioning techniques. 

This was expected to foster students’ learning and achievement. Another reason for 

expecting improved student outcomes was the assumption that setting and monitoring 

goals improves the quality of the reflective cycles used to work in a data-driven way. 

Given the deliberate decisions and improved teacher reflection it was expected that 

positive changes, meaning that the final goal was higher than the initial expectation and 

thus reflecting minimized negative or even positive expectancy bias, would be positively 

related to student achievement (Hypothesis 3).  

 

2.2 Method 

 

2.2.1 Design 

To determine the general relationship between (high) teacher-set goals and 

students’ mathematics achievement, a pre-posttest design was used, in which the 

outcome measure was a standardized mathematics assessment. The relationship between 

a positive change – teachers setting a higher final goal than their initial expectation - and 

students’ math achievement was investigated using a pre-posttest control group design. 

The control group was constructed through propensity score matching. 

 

2.2.2 Participants 
Student assessment data and teacher-set performance goals were collected for 361 

students. These students were taught in 27 classes: 176 students were in grade 2 and 185 

were in grade 3. There were 196 boys and 165 girls. More than half of the 27 classes were 

multi-grade classes, consisting of two or more grades per class. The 27 classes were 

taught by 35 teachers, some holding part-time positions. Teachers teaching the same 

class were asked to set the performance goals collaboratively. Teachers had, on average, 

16.3 years of experience (SD = 10.7), and the majority of the teachers was female (94%). 

The teachers who participated in the current study were all involved in a professional 

development program (PDP) on data use. 
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2.2.3 Procedure 

Performance goals and standards were elements of a PDP on data use, consisting 

of three core, interrelated components: 1. performance goals and standards, 2. data-

analysis, and 3. instruction. At the start of the PDP, teachers were asked to reflect on 

what students should be able to know and do in grades 2 and 3 and, more specifically, on 

how students in a specific grade differ in terms of their math proficiency. For this 

purpose, the teachers were asked to set performance standards. Performance standards 

are supposed to provide information on students’ levels of mastery of content standards 

(Linn & Baker, 1995; Cizek & Bunch, 2007; Hambleton & Pitoniak, 2006). Such content 

standards determine what knowledge and skills should be taught to the students at 

different grade levels. Since the performance standards indicate to what levels the 

content standards are met (for instance, whether students master the content standards 

in an acceptable or outstanding way) the performance standards are closely linked to 

assessments. They are operationalized in terms of cut scores on the proficiency scale of a 

specific assessment.  

During a mathematics standard-setting procedure (SSP), teachers were asked to 

reflect on the desired knowledge and skills that students of grades 2 and 3 were supposed 

to master at the end of the school year. The teachers were requested to set performance 

scores for students of four different performance levels (minimum, basic, proficient, and 

advanced). In order to accomplish this task, the teachers had to consider an ordered-item 

booklet consisting of 30 standardized assessment items (a selection of items of the 

mathematical standardized assessments used in grades 1-4) and decide for each of the 

four performance levels which assessment items the ‘just competent student’ should be 

able to answer correctly (Mitzel, Lewis, Patz, & Green, 2001). For an elaboration on 

standards and the standard-setting procedure used in the PDP, see Deunk, van Kuijk & 

Bosker (2014). The standard-setting procedure resulted in four standards per grade. By 

taking the intervals between these standards, five performance categories were 

established (below minimum, minimum, basic, proficient, and advanced). In total, 10 

performance categories were specified, five for grade 2 and five for grade 3. For each 

grade, the five performance categories were used to determine the performance goals, 

since the teachers were asked to assign a goal, reflecting one of the five performance 

categories, for each of their students.  

To ensure that the performance goals were well-considered, we designed a step-

by-step procedure consisting of the following four steps: 1) determining an initial 

expectation, 2) the use of performance data, 3) collaboration, and 4) assigning a final 
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goal. In step 1, teachers had to make their expectations explicit for each student in terms 

of one of the five performance categories (initial expectation). In step 2, information on 

performance data was used. Teachers were asked to contrast performance information 

from the student monitoring system with their initial expectations. For this task, teachers 

were asked to use the same five performance categories as used in step 1 to record their 

findings. Comparing initial expectations with the actual performance data was expected 

to stimulate the teachers’ reflection on their initial expectations, especially since they 

were requested to answer questions regarding observed differences between step 1 and 

step 2. Step 3 consisted of team collaboration. Steps 1 and 2 together formed a homework 

assignment that each teacher had to complete prior to the meeting in which the final 

goals were to be set. During this meeting, the homework assignments were discussed in 

the school team. These discussions served to stimulate teachers’ reflection, since 

colleagues within the school – teachers, the senior support coordinator, and the school 

principal – questioned some of the teachers’ expectations and added relevant 

information on, for instance, specific instructional or socio-emotional approaches in 

relation to specific students. The fourth and final step was assigning a final goal. After the 

group discussion, teachers had to take into account all the information obtained, 

reconsider their initial expectations, and set a performance goal for each individual 

student. Since we assumed that making expectations explicit would involve some level of 

ambitiousness and since, empirically, effective performance goals were found to reflect at 

least some ambition (Fuchs et al., 1989), teachers were asked to set a challenging but 

realistic goal for each student. The performance goals, as regard the end-of-the-year 

standardized assessment in May/June, were set in fall, leaving the participants with 

approximately six to seven months to reach them.  

 

2.2.4 Variables and Instruments 

Mathematics Assessment  

The Cito standardized assessments for mathematics are part of the Cito LOVS 

assessment system that is used in 85% of Dutch schools. The tests are used in primary 

school (grades 1-6), and students are assessed twice a year: halfway through the school 

year (mid-term assessment, January) and at the end of the school year (end-of-the-year 

assessment, May/June). Test scores for all assessments (from grade 1 to 6) are associated 

with a sole proficiency scale, ranging from 0 to 169. The assessments have a good overall 

reliability in all grades (Cronbach’s alpha is at least .91, Janssen, Verhelst, Engelen, & 
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Scheltens, 2010). Test scores before the start of the PDP were used as pretest (May/June 

2011) and test scores at the end of the PDP as posttest (May/June 2012). 

Reading Comprehension Assessment  

The Cito standardized assessments for reading comprehension are used in grades 1 to 6 

in primary school and are also part of the Cito LOVS assessment system. The (arbitrary) 

proficiency scale ranges from –87 up to + 147. The tests have a good overall reliability 

(Cronbach’s alpha is at least .89, Feenstra, Kleintjes, Kamphuis, & Krom, 2010). 

Students’ scores on a reading comprehension assessment were taken into account, since 

student achievement on math is likely to be related to more general capabilities, and 

teachers probably considered such general capacities during the goal setting process. 

Moreover, early acquired reading (and math) skills were found to be predictive for future 

performance (Bodovski & Youn, 2011). In the analyses, pretest scores on reading 

comprehension were, therefore, used as a proxy for general academic capability.  

Heterogeneity of the class 

The heterogeneity of the class, meaning the spread in student achievement levels within 

the class, was taken into account regarding mathematics and reading comprehension. 

Math heterogeneity was calculated by using the standard deviation of the class’s pretest 

scores on math. For the class heterogeneity on reading, the standard deviation of the 

class’s pretest scores on reading comprehension was used.  

Initial expectations  

At the start of the step-by-step goal setting procedure, teachers were asked to write down 

their expectations for each student. These initial expectations were set in terms of five 

performance categories. These categories reflected the intervals between the four 

performance standards, reflecting five intervals on the proficiency scale of the posttest. 

The five performance categories - below minimum, minimum, basic, proficient, and 

advanced – were coded 1 – 5. 

Performance goals 

Teachers were asked to set a performance goal for each individual student in terms of the 

five performance categories described above. These teacher-set performance goals reflect 

the final goals, step 4 in the step-by-step procedure. 

Positive change 

At the start of the multistep procedure, teachers had to write down their initial 

expectation. At the end of this procedure the teachers were asked to set a final goal. If the 

final goal was higher than the initial expectation, this was called a positive change. 

Positive change was a dummy-coded variable; no change was the reference group.  
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Sex 

Ganley et al. (2013) refer to various studies in which a (small) sex difference in 

mathematics test performance was found, with boys outperforming girls on tests. Sex, a 

dummy-coded variable with boys as reference group, was, therefore, used as a covariate.  

Grade 

The PDP focused on teachers in grades 2 and 3. To account for performance differences 

between these two grades, grade was used as a covariate as well. Grade was a dummy-

coded variable, where grade 2 was the reference group. 

 

2.3 Analyses 

For answering research question 1, concerning the relation between teachers’ 

(high) performance goals and students’ math achievement, a multilevel multiple 

regression analysis was carried out, using MLwiN software (Rasbash, Browne, Healy, 

Cameron, & Charlton, 2012). Such a multilevel analysis takes into account the nested 

structure of the data. In the current study, two levels were distinguished, students were 

considered to be nested in classes. Three models were estimated: Model 1 (containing 

only the math pretest), Model 2 (controlling for math pretest, reading comprehension 

pretest, sex, and grade), and Model 3, in which the final goal was added. Beforehand, 

checks on the general levels of ambition of the teachers were carried out, investigating 

between-teacher difference on the overall height of their goals for their students. No 

differences were found in this respect. 

The second question, investigating whether teachers changed their initial 

expectation at the end of a step-by-step goal setting procedure, was answered using 

descriptive analyses. 

 The third question, regarding the general relationship between student 

achievement and setting a higher final goal than the initial expectation (=’positive 

change’) and the differential effects of the positive change for initially low or high 

performers, were also investigated using a two-level analysis. Again, three models were 

estimated. First, a covariate model was estimated, while controlling for math pretest 

(grand-mean centered for ease of interpretation). Next, the positive change was added to 

estimate a main effect model. Thereafter, adding the interaction goal*math pretest 

yielded the interaction model. 
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2.3.1 Construction of a control group  

To answer the third and fourth questions, two comparable groups were 

constructed, consisting of a) students for whom teachers changed their initial 

expectations to a more positive final goal – the ‘positive change’ group - and b) students 

for whom the final teacher goal was the same as teachers’ initial expectation – the control 

group. This was done using Propensity Score Matching (PSM), a matching method by 

which the the selection process is modeled (Rosenbaum & Rubin, 1985). As such, causal 

inference is allowed for. By comparing the positive-change students with students for 

whom initial expectation and final goal were the same but who were similar to the first 

group of students in terms of important observed characteristics, these two groups were 

considered to be comparable but for having a raised final teacher goal or not. More 

formally, by using PSM the distribution of the observed covariates in the positive-change 

group and the control group was balanced in such a way that students with the same 

propensity scores had the same distributions over all covariates, without the need for 

exact matches on the individual variables used (Rubin, 2007; Stuart, 2010). The 

propensity score (PS) then summarized all the information that predicted the positive 

change. The PS can be defined as the probability that a student would receive a higher 

final goal than the initial expectation, given the set of observed variables.  

In conducting the PSM, we selected the Caliper matching (0.2) without 

replacement algorithm. This matching algorithm only matched positive-change students 

to control students within a certain range (0.2 standard deviations), finding the best 

match in terms of the PS. In this way, inadequate matches were avoided and, thereby, 

selection bias was decreased (Caliendo & Kopeinig, 2008). A further advantage of 

building in such a tolerance level is that it supports meeting the Common Support 

assumption, meaning that there was sufficient overlap in the characteristics of positive-

change students and control students. Using the caliper matching algorithm implied that 

positive-change and control students for whom no match could be found within the 

tolerance level were left out.  

Variables used for propensity score matching 

A crucial assumption of PSM is that, conditional on the observed variables used, 

treatment assignment is independent of the potential outcomes (strong ignorable 

treatment assignment), meaning that there should be no hidden bias or confounding 

(Stuart, 2010). Selected observed pre-treatment variables should ideally be associated 

with both treatment assignment and outcome (Brookhart, Schneeweiss, Rothman, Glynn, 
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Avorn, & Stürmer, 2006). Steiner, Cook, Shadish, and Clark (2010) stressed in this 

respect the importance of including matching variables like baseline test scores, given 

their generally strong relationship to the outcomes. Taking such baseline measures into 

account seems to be particularly salient for small samples (Brookhart et al., 2006). Given 

the relatively small sample in our study, we matched on nine variables, most of them 

relating to the outcome. Five variables at class level were used: 1. grade, 2. the average 

math pretest score of the class, 3. class heterogeneity on the math pretest, 4. the average 

reading comprehension pretest score of the class, and 5. class heterogeneity on the 

reading comprehension pretest. Four student level variables were taken into account: 6. 

sex, 7. teacher’s initial expectation, 8. the math pretest score, and 9. the pretest score on 

reading comprehension. 

 
2.4 Results 

This section is structured as follows. First, the relationship between (high) teacher 

performance goals and student math achievement is discussed. Next, differences between 

initial expectations and final goals are outlined, indicating whether and how teacher 

expectations were modified at the end of the step-by-step goal setting procedure. 

Thereafter, the association of positive changes with student performance is discussed. 

The mean pre- and posttest scores of students in grades 2 and 3 are depicted in  

Table 1. From the data in Table 1 it can be derived that the average increase in test scores 

of the students in grade 2 was 18.6, whereas it was 16.6 for students in grade 3. 

 

Table 1: Mean Math Pretest and Posttest Scores of Students in Grades 2 and 3 

Grade N Mean Pretest (SD)  Mean Posttest (SD) 

2 176 48.8 (14.9)  67.4 (15.8) 

3 185 63.4 (15.0)  80.0 (14.5) 

Total 361 56.3 (16.6)  73.9 (16.4) 

 

Teachers were asked to set a challenging but realistic final goal for each of their 

students in terms of the five performance categories. These performance categories 

reflected ranges of expected posttest scores. Students’ actual posttest scores could be 

translated to these five categories as well. It was found that almost 60% of the students 

had a test score in the same category as their final goal, approximately 20% attained a 

score that was higher than their final goal, and 20% of the students attained a score that 

was lower than their final goal (see Table 4). Given the high number of students that 

scored at or above their desired performance level, it may be questioned whether the 
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goals were challenging. However, the fact that 80% scored at or above the desired 

performance level did confirm the assumption that the final goals should be realistic.  

In order to investigate the general relation between the final goals and student 

achievement, a multilevel multiple regression analysis was used, taking into account the 

variance at two levels – students and classes. In Table 2, three models are presented, 

containing standardized regression coefficients. In Model 1 it was only controlled for the 

math pretest scores, that was found to significantly predict posttest scores. In Model 2 

the other covariates were added as well. From Model 2 it can be derived that, next to the 

math pretest score, sex and the score on the reading comprehension pretest significantly 

predicted the math posttest scores, but grade did not. Deviance testing indicated that 

Model 2 fitted the data better than Model 1: the deviance decreased by 29.59, which is a 

significant improvement (p=.00; the critical value in a chi-square distribution with df=3 

is 16.27 for p=.05) In Model 3, ‘final goal’ was added and was also found to predict the 

math posttest significantly (deviance testing showed a decrease of 57.67 (p=.00), which is 

higher than the critical value (10.83) for p=.001, df=1). Goals accounted for 15% of the 

variance in math posttest scores.3 This finding could be interpreted as follows: if all 

covariates used are kept equal (that is, math pretest, sex, grade, and reading 

comprehension pretest), a rise in ‘goal’ by one category, which, coincidentally, equalled 

the standard deviation of the final goal, is associated with an increase of .37 SD on the 

posttest score. Thus, when different final goals were assigned to two apparently similar 

students (based on the covariates used), the higher goal was associated with a 

substantially and significantly higher mathematics achievement on the posttest, with a 

corresponding effect size of d=.80.4  

 
  

                                                   

3 The explained variance was calculated as follows: 1 – (sum of variance at student and class level in  

Model 3/sum of variance at student and class level in Model 2)*100% 

4
 In calculating the effect size the following formula was used: d=2r/√(1-r2)  
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Table 2: Multilevel Models Predicting Achievement in Mathematics  

 Model 1  Model 2  Model 3 

 Β SE  β SE  β SE  

Response variable:  

math posttest 

      

         

Fixed part         

Intercept  32.27 2.06  39.63 2.39  29.94  2.53 

Math pretest .75* .03  .62* .04  .35*  .05 

Sex    -.15* .03  -.12*  .03 

Grade    .00   .04  .21*  .05 

Reading pretest    .19*  .04  .11*  .04 

Final goal       .37*  .05 

         

Random part         

Class level 4.17  3.35  2.76  2.75  2.74  2.47 

Student level 107.57  8.27  99.82 7.68  84.82    6.52 

-2loglikelihood 2724.09  2694.50  2636.83 

No of students  361   361   361 

Italic: standardized coefficients; *: p<.05 

 

The final goals were set by the teachers at the end of the step-by-step procedure 

that aimed at stimulating teachers’ reflection on their own initial expectations. The final 

performance goals were set with respect to five performance categories: below minimum 

(=1), minimum (=2), basic (=3), proficient (=4), and advanced (=5). The range of ability 

scores per performance category (=final goal) is depicted in Table 3, as well as the 

number of students per final goal. The mean of the teacher-set final goals was 3.74 (SD = 

1.06); on average, teachers expected the student achievement level to lie between the 

basic and the proficient level. 

 

Table 3: Specification of the final goals per grade 

 Grade 2  Grade 3 

Final goal Range of ability scores No. of 

students 

 Range of ability 

scores 

No. of 

students 

Below Minimum ≤ 36 3  ≤ 56 7 

Minimum 37-47 18  57-66 21 

Basic 48-60 34  67-76 51 

Proficient 61-70 69  77-91 60 

Advanced ≥ 71 52  ≥ 92 46 

Total  176   185 
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The goal setting procedure consisted of a step-by-step procedure. During this 

procedure, teachers could have chosen different performance categories for a specific 

student’s initial expectation and for this student’s final goal. Table 4 shows how the final 

goals differed from the initial expectations. For most of the students (N=198), the final 

goal was the same as the initial expectation. The procedure resulted in an adaptation of 

the initial expectation for 78 students. Teachers became more ambitious (a final goal that 

was one or two categories higher) for 70 students; for only eight students the teacher 

expectations were tempered (the goal was one or two categories lower).  

 

Table 4: Cross Table of Initial Expectations and Final Goals 

  Final goal 

Initial 

expectation* 

 Below 

Minimum 

Minimum Basic Proficient Advanced 

Below 

Minimum 

8 3  4  0 0 

Minimum 1  26 14  1 0 

Basic 0 3 41 25  1 

Proficient 0 1 2 77 22 

Advanced 0 0 0 1 46 

* Initial expectations were available for 276 students 

 

In general, we found that higher goals were associated with higher student 

achievement, while controlling for initial differences in mathematics performance and 

general cognitive ability. However, from this result it cannot be concluded whether the 

higher goals reflected a positive expectancy bias or whether they were realistic. Yet the 

positive changes that resulted from the step-by-step goal setting procedure were assumed 

to indicate that teachers became more ambitious than they originally were for certain 

students. To investigate whether such a shift towards a more positive final goal related to 

student achievement, the students for whom the performance goals were higher than the 

initial expectations were compared to similar students for whom the initial expectations 

and the performance goals were the same.  

Using PSM, students for whom the final goal was higher than the initial 

expectation (N=70) were matched to comparable students. The latter students came from 

a pool of 198 possible controls, for whom the final goal was the same as the initial 
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expectation. 5  Students were matched based on both class- and student-level 

characteristics. Matching quality was assessed by checking similarity on the covariate 

distribution in the two matched groups, using independent samples t-tests. The 

procedure should yield no remaining significant differences between the two student 

groups after the matching. In Table 5 the mean scores of both the positive-change group 

and the control group are shown, both before and after matching. Before matching, the 

groups differed in terms of the variables sex and initial expectation, as indicated by the 

asterisk. The positive-change group consisted of more boys than girls, whereas the 

number of boys and girls was comparable in the control group. Further, the average 

initial expectation of the positive-change group was significantly lower than that of the 

control group. After the matching, the groups no longer differed significantly on all nine 

variables. The matching procedure led to a total of 114 students, 57 in the positive-change 

group and 57 in the control group. 

  

                                                   

5
 Students for whom teachers set a final goal that was lower than the initial expectation were 

excluded from the matching procedure and, consequently, from the subsequent multilevel analyses.  
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Table 5: Average Scores on the Observed Covariates, before and after Matching 

 Before matching  After matching 

 Positive change 

(N=70) 

Control group 

(N=198) 

 Positive change 

(N=57) 

Control group 

(N=57)   

 Mean SD Mean SD  Mean SD Mean SD 

Student level           

Initial 

expectation 

2.90* (.97) 3.64 (1.10)  3.09 (.85) 3.14 (1.19) 

Pretest 

mathematics 

55.50 (14.28) 56.69 (16.70)  56.47 (15.32) 56.95 (15.76) 

Pretest 

reading 

10.61 (17.89) 13.41 (17.97)  11.72 (18.45) 11.88 (16.47) 

Sex .34* (.48) .49 (.50)  .35 (.48) .39 (.49) 

Class level          

Grade .63 (.49) .53 (.50)  .65 (.48) .61 (.49) 

Heterogeneity 

math 

13.53 (3.10) 14.18 (3.03)  13.38 (3.19) 13.36 (3.00) 

Class’s 

average math 

score 

56.48 (9.36) 56.04 (8.35)  57.61 (9.42) 58.29 (7.36) 

Heterogeneity 

reading 

12.87 (11.26) 13.70 (4.33)  13.51 (4.23) 13.62 (3.88) 

Class’s 

average 

reading score 

13.38 (3.85) 13.69 (4.33)  13.07 (12.04) 12.69 (7.99) 

          

Propensity Score     .36 (.19) .35 (.19) 

*: p<.05, difference in average scores between positive-change group and control group on 

the matching variable  

 

The matching quality was also investigated by checking satisfaction of the 

Common Support assumption, meaning that there should be sufficient overlap between 

members of both groups in terms of their propensity score. From Figure 1 it can be 

derived that the propensity scores of the two groups sufficiently overlapped. Moreover, 

the region of common support was rather large, with propensity scores ranging from 

almost 0 to almost 0.9.  



 

33 

 

 

Figure 1: Distribution of Propensity Scores  
 

The PSM led to two comparable groups of 114 students in total, being taught in 23 

classes. For 57 students, teachers changed their initial expectation in a positive way; for 

57 students, the final goal remained the same as the initial expectation. The mean pretest 

score of these 114 students was 56.7 (SD=15.5). For the positive-change students, pretest 

scores ranged from 24 to 86; for the matched control students, pretest scores ranged 

from 14 to 109. In Table 6, the mean scores for each initial-expectation category are 

presented. Note that the nine students who received an initial expectation in the 

advanced category all belonged to the control group; positive change students could, by 

definition, not start in the highest category.  

 

Table 6: Mean Pretest Scores per Initial Expectation Category 

Category of initial expectation N Mean score SD 

Below minimum 6 33.0 11.5 

Minimum 27 47.5 8.6 

Basic 38 53.8 11.5 

Proficient 34 65.4 11.3 

Advanced 9 79.6 16.2 

 

For answering the third research question, concerning the relationship between 

positive changes and student achievement, multilevel analyses were used, regressing the 

math achievement of the students (the posttest scores) on the positive change. Three 

models were estimated: a covariate model, a main model, and an interaction model. 
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From the results presented in Table 7 it can be derived that the pretest – individual math 

scores, grand mean-centered for ease of interpretation - predicted the posttest 

significantly. Positive change was added in the main effect model. No significant effect of 

positive change was found: the findings of the deviance test (.033) indicated that the 

main model did not fit the data better than the covariate model (p>0.05). Next, a 

differential effect of the positive change for initially low or high math performance was 

investigated by adding an interaction effect to the main model. The interaction model 

contained a significant negative interaction term: The deviance test (6.91) indicated that 

the interaction model fitted the data better than the main model (p=.03; 6.91 exceeds the 

critical value 5.99 in a chi-square distribution with df=2, for p=.05). Positive changes 

were thus differently related to initially low- or high-performance.  

 

Table 7: Multilevel Models Predicting Achievement in Mathematics  

 Empty model  Main model  Interaction model 

 β SE  β SE  β SE 

Response: math posttest         

         

Fixed Part         

Intercept 75.11 1.25  74.93 1.60  74.82 1.57 

Pretest (gmc) .86* .07  .86* .07  1.02* .09 

Positive change    .37 2.01  .40 1.95 

Positive change x pretest (gmc)       -.33* .13 

         

Random Part         

Class level 8.85 9.13  8.94 9.16  9.73 9.16 

Student level 107.92 15.45  107.83 15.44  100.67 14.44 

         

-2*loglikelihood:  864.36  864.33  857.42 

gmc: grand-mean centered 

 

Figure 2 shows how this negative interaction effect can be interpreted. On the X-

axis, the ability scores on the pretest are reported and on the Y-axis the ability scores on 

the posttest. Figure 2 contains two lines. The dark line represents the estimated posttest 

scores for students who for whom the teachers had set a positive change and the light line 

the estimated posttest scores for the students for whom there was no change. As can be 

derived from Figure 2, the crossing lines indicate that the positive changes influenced the 

posttest scores differently for initially low and high performing students. The initially low 

achieving positive change students were found to perform better than the low performing 
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students for whom no change was made by the teacher, whereas the contrary was found 

for the initially high achieving students. Initially high achieving students for whom the 

initial expectations and final goals were the same, were found to perform better on the 

math posttest than the positive change students. The crossing point of the lines is at 57.8, 

which is rather close to the average mean score on the pretest (M=56.7). 

 

 

Figure 2: Posttest estimates for the initially low and high performers 
 

Checks for robustness of the findings 

In this study we used the propensity score algorithm Caliper matching 0.2 without 

replacement. However, as Caliendo and Kopeining (2008) note, ‘asymptotically all PSM 

estimators should yield the same results’ (p. 44). In order to check for the robustness of 

the PSM results, seven additional algorithms were used. 6  Five of these yielded a 

significant negative interaction effect of positive change x math pretest: initially low 

performers profited from positive changes, whereas initially high performers did not. 

This means that in total six out of eight PSM algorithms resulted in the same impact of 

positive changes for low and high achievers. The two deviating results came from the 

Caliper matching 0.2 with replacement, using both class- and student-level variables 

                                                   

6
 The following seven algorithms were used: a) Caliper 0.2 with replacement with class and student 

variables, b) Caliper 0.2 with replacement with only student variables, c) Caliper 0.2 without 

replacement with only student variables, d) Caliper 0.1 without replacement with class and student 

variables, e) Nearest Neighbor without replacement with class and student variables, f) Nearest 

Neighbor with replacement with only student variables, and g) Nearest Neighbor without replacement 

with only student variables. 
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and Caliper matching 0.1 without replacement, using both class- and student-level 

variables. The first matching algorithm led to a positive main effect of the positive 

change and no significant interaction effect (positive-change group: N=63; control group: 

N=46). The Caliper matching 0.1-algorithm, with a smaller tolerance level, did not 

support a significant interaction effect. However, the interaction effect was only just 

insignificant and analyses were conducted based on 53 students in both the positive-

change and the control group. The lack of significance might, therefore, partly be caused 

by somewhat lower statistical power. 

 

2.5 Discussion 

 

2.5.1 Main findings 

In the current study it was investigated whether relationships could be identified 

between well-considered teacher-set performance goals, positive changes, and students’ 

mathematical achievement. Our hypothesis was that high, well-considered goals were 

associated with higher student performance (Hypothesis 2). The rationale behind this 

was as follows: Using team collaboration and performance data in the goal setting 

procedure enabled teachers to refine their initial expectations and to come to final 

performance goals that were carefully thought through. Such performance goals were 

generally assumed to lead to more targeted teaching, which resulted in better student 

outcomes. In addition, the step-by-step procedure was designed to decrease negative 

expectation bias, which was considered to result in better-suited instruction and more 

opportunities to learn for students. Confirming the earlier findings of Locke and Latham 

(2002) and Fuchs and colleagues (1985), the results of multilevel analysis showed that 

setting higher performance goals indeed related to better math achievement of the 

students, with an effect size of d=.80. This could be considered a strong relationship, in 

terms of Cohen’s classification. Hypothesis 2 was thus confirmed. 

At the end of a step-by-step procedure, the performance goals were set in terms of 

five performance categories. Descriptive analyses of this goal setting procedure indicated 

that teachers retained their initial expectations for most students (N=198). Yet for more 

than a quarter of the students (28%), teachers changed their initial expectations, 

indicating that the use of two data sources, performance data and team input, triggered 

further reflection on students’ capacities. These findings suggested that teachers used the 

information provided by the step-by-step procedure, which is in line with Hypothesis 1. 

Most of these changes led to a higher final goal than the initial expectation (for 70 of 276 
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students). It was expected that such positive changes indicated either minimized negative 

expectation bias, meaning that inaccurate low teacher expectancies were adjusted, or 

positive expectation bias, suggesting that teacher expectancies became a little bit too 

positive. 

The third research question concerned the relationship between positive changes 

and students’ math achievement and the differential effects of such positive changes for 

initially low or high math performers. For this purpose, the students for whom there was 

a positive change were matched, using propensity score matching, to comparable 

students for whom the initial expectation and the final goal were the same. This led to 

two similar groups, containing 57 students in each condition. Impact analyses were 

conducted using multilevel analyses. Although no main effect of the positive change was 

found, a negative interaction effect was identified. This negative interaction effect 

indicated that the positive change positively influenced the posttest scores of initially low 

performers, but affected those of initially high performers in a negative way. The 

hypothesis that positive changes would lead to better student achievement was thus only 

partially confirmed. 

 

2.5.2 Interpretation of the results 

In response to question 1, a strong relation between (high) performance goals and 

students’ math achievement was found. However, we should refine this finding 

somewhat. Although we aimed to take into account important information on initial 

differences between students (mathematics performance levels and general academic 

capabilities), teachers probably also took other student characteristics, like their daily 

work, classroom behavior, motivation, effort, concentration, and self-esteem, into 

account while setting the goals. Given the assumption that the teacher expectations 

incorporated more features than only academic achievement, it is difficult to draw 

conclusions from the general goal-achievement relationship on the ambitiousness or 

accuracy of such high goals. Slavin (1990) argued in this respect that additional teacher 

knowledge might lead to the accurate expectation that the mathematical potential of two 

students may differ despite their identical scores on standardized cognitive pretests. 

Goals that were considered high in our first multilevel analysis might not be so high in 

reality and, therefore, might not reflect high expectations. Focusing on ‘positive changes’ 

provided more information in this respect. Since teachers were asked to state their initial 

expectations at the beginning of the goal setting procedure, it was probable that they took 

all kinds of student characteristics into account at that point. During the step-by-step 
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procedure, this initial expectation was refined, leading to higher final goals for a quarter 

of the students. Investigating the relationship between such positive changes and student 

performance was assumed to provide more information on whether a higher level of 

ambition, or perhaps a lower level of negative expectation bias, would benefit students’ 

achievement.  

The interaction model showed that initially weak achievers profited from the 

positive change in that they achieved better, whereas the initially stronger students were 

found to score lower. Two underlying mechanisms might have played a role. It is possible 

that the step-by-step procedure led to a decrease in negative expectation bias for the low 

achieving students. As a result, the final goals for these students could be considered 

more accurate and teachers’ instruction might have better suited students’ actual 

performance levels. For the high achieving students, teachers might have assigned goals 

that were too ambitious, indicating positive expectation bias, while overlooking the need 

for extra help that would enable these students to actually perform at the higher level. 

Setting higher goals than their initial expectations for their average or advanced students 

might have caused the teachers to give these students more challenging tasks without 

providing the additional support that might have been needed for the students to succeed 

in these tasks. Thus, although the teachers became more ambitious in their goals, the 

effectiveness of these positive changes could have depended on the teachers’ acting on 

these ambitious expectations. 

Positive shifts in final goals do not necessarily reflect a shift from negative 

expectation bias to neutral, accurate expectations for low performers. Another possible 

explanation is that the teachers, having their more ambitious goal in mind, provided 

more opportunities to learn to these low achievers, for instance, by giving them 

additional instruction, by informally assessing their knowledge more often, by giving 

them more feedback, by encouraging them more, or by letting them answer questions 

more often (Rosenthal, 1994; Good & Brophy, 2003). The (subtle) ways in which these 

positive expectations tend to be communicated are expected to lead to better student 

outcomes. The fact that particularly low achievers profited from such modified teaching 

is in line with Madon, Jussim, and Eccles (1997), who found that both positive and 

negative expectations were more strongly related to the performance of low-achieving 

students than to that of high achievers. Low achievers are, therefore, assumed to be more 

susceptible to high or low teacher expectations.  

Whatever underlying mechanisms (reduced negative expectation bias or positive 

expectation bias, or both) could explain the findings of this study, the positive changes 
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led to convergent differentiation, meaning that differences between student 

achievements got smaller. Due to the teachers’ efforts to raise the bar for and adjust their 

instruction to better fit the struggling students, the achievement levels of these students 

increased. However, everything has its price. A focus on the low-achieving students 

probably prevented teachers from making sure that the high achievers for whom they had 

positive expectations were sufficiently supported, possibly due to time constraints. 

 

2.5.3 Limitations 

Some limitations to our study should be addressed. A first limitation was that no 

information was obtained on whether and how setting the goals was translated into 

modifications of classroom instruction by the teachers. We thus do not know how 

working with goals was implemented by the teachers, although such information would 

have helped to understand our findings. Since the subtle ways of communicating teacher 

expectations might be difficult to structurally observe, more qualitative research 

methods, like in-depth interviews and teacher logbooks on how teachers aimed to reach 

their goals, would have helped to extend our knowledge on what makes (high) goals and 

positive shifts effective, and for whom.  

Using interviews to gain information on teachers’ motivation for assigning specific 

goals for specific students might further have added to our knowledge of the mechanisms 

that were involved in the goal setting procedure, and might, therefore, further have 

helped explaining the relationships between (high) performance goals, ambition and 

student achievement. For instance, knowledge of the student characteristics that teachers 

bear in mind while determining their goals, but also of the teachers’ sense of self-efficacy 

might have helped to better understand the nature of (high) teacher expectations and 

goals in natural settings. High-efficacy teachers seem to have fewer negative expectations 

and are more flexible in adapting them (Tournaki & Podell, 2005). Moreover, they are 

supposed to have higher goal commitment (Locke and Latham, 2002). Understanding 

the influence of more student and teacher characteristics in the goal setting procedure 

might increase our knowledge of accuracy and positive/negative bias, although it should 

not be neglected that precisely determining the accuracy of teacher expectations in 

natural settings is difficult, given the chance of an omitted variable (Jussim & Harber, 

2005; Madon et al., 1997). 

A third limitation concerns the way we operationalized the goals. In our study 

teachers were asked to determine the desired performance levels without involving the 

students in this goal setting process and without informing the students on what goals 
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the teachers had set for them. Students only played a passive role in this set-up: teachers 

wanted them to reach some tacit performance goals. However, as Sadler (1989) argued, 

students ultimately have to close the gap between the actual and the desired level 

themselves. As such, students should be aware of what skills and knowledge they are 

expected to master, what their actual level of performance is and what steps should be 

taken to reduce the gap. By involving students in monitoring and assessing their own 

learning activities, students are invited to play an active role in their own learning 

process and relevant feedback can be given to them (Hattie & Timperley, 2007). Students 

are expected to profit more from high goals when they are engaged in the goal setting 

process, fostering both teachers and students to take joint responsibility for reaching 

them. A concomitant advantage might be that teacher intentions and the implementation 

of goal-attainment strategies could become more visible, as teachers probably discuss the 

goals and approaches to reach them with the students on a regular basis. As such, making 

students knowledgable of their desired proficiency level could enhance our knowledge on 

whether and how teachers try to reach the goals.  

 

Final remarks 

In the current study, the relationship between high goals, positive changes, and 

student achievement were investigated. In order to promote well-considered goals a step-

by-step procedure was developed, in which teachers were encouraged to think carefully 

about each student’s potential, not only taking into account their earlier performances 

but also discussing socio-emotional, instructional, and motivational approaches and 

strategies with their colleagues. This renders the current study an example of research 

within a broad interpretation of data use (Schildkamp & Kuiper, 2010) in which the full 

picture of students and their abilities played a role. 

  


