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. To reach this goal, variations of traditional exercises are planned to be gradually introduced in a mathematics lecture (and the appertaining assignments) for engineering first-years.

Introduction

There is a general awareness of "the struggle students endure in Service Mathematics courses" (Liston & O'Donoghue, 2009, p. 10), and of an orientation of future engineering education towards competencies (http://www.teaching-learning.eu; [START_REF] Alpers | Using mathematical competencies for specifying a mathematics curriculum for engineers[END_REF][START_REF] Alpers | Das SEFI Maths Working Group "Curriculum Framework Document" und seine Realisierung in einem Mathematik-Curriculum für einen praxisorientierten Maschinenbaustudiengang[END_REF], following analogous developments in secondary education. This, however, is not intended to mean less skill in the handling of symbols, formulae, and operations, as the deficiencies in this area are often lamented. Rather, the notion is to keep "higher-level learning goals" (Alpers, 2011, p. 107) in mind: thinking, reasoning and modeling mathematically, posing and solving mathematical problems, as well as communicating in, with, and about mathematics (Alpers, 2011, p. 103f.), while not neglecting the traditional skills. This change must necessarily involve reforms in teaching and assessment [START_REF] Entwistle | Experience of understanding in revising for degree examinations[END_REF], albeit gentle ones. Our research prepares the ground for a planned development study in this area.

Theoretical background and research approach

When introducing curricular innovations, it is advisable to investigate the initial situation as thoroughly as possible, so that changes can be researched adequately. This applies to the current state of teaching and assessment in engineering mathematics, as well as to predictors of success or failure. For mathematics majors, Rach (2014, p. 219) identified, among others, mathematical competence and school qualifications as predicting as much as 38% of academic success (in terms of passing a firstyear module in calculus), whereas other researchers [START_REF] Eley | Modelling the influences on learning outcomes of study processes in university mathematics[END_REF] focus on aspects of the learning process (e.g. "systematic and principled use of examples", p. 449). The role of affective factors was investigated in depth by others (e.g. Andrà, Magnano, & Morselli, 2011;[START_REF] Liston | The influence of affective variables on students' transition to university mathematics[END_REF], stressing the importance of enjoyment of mathematics, the individual's mathematical self-concept, beliefs, and motivation. Personality, or more specifically, interest in mathematics, is also an important factor [START_REF] Alcock | Achievement and behaviour in undergraduate mathematics: Personality is a better predictor than gender[END_REF][START_REF] Liebendörfer | Interest in mathematics and the first steps at university[END_REF]. When aiming at competence-oriented learning of mathematics for first year Thematic Working Group 14 engineering students, their specificities and level of understanding is worth investigating [START_REF] Entwistle | Experience of understanding in revising for degree examinations[END_REF][START_REF] Khiat | A grounded theory approach: Conceptions of understanding in engineering mathematics learning[END_REF], and should be supported not only by an appropriate choice of tasks, but also by innovations in both teaching and assessment, such as "small group activity, a variety of forms of questioning, an assessed group project" (Jaworski & Matthews, 2011, p. 178) or journal writing [START_REF] Glogger | Learning strategies assessed by journal writing: Prediction of learning outcomes by quantity, quality, and combinations of learning strategies[END_REF].

We are interested in what learning behavior is promoted 4 for first-year engineering students, who are confronted less with proofs, but who have to deal with formal notations and who are expected to draw the connection between abstract theorems and calculation routines when aiming to succeed (see also [START_REF] Griese | Lernverhalten und Klausurerfolg in der Ingenieurmathematik -Selbsteinschätzung und Dozentensicht[END_REF]. Findings could also shed a light on how much conceptual understanding is required in service mathematics. We phrase our research objectives as follows:

RQ1: How do specific teaching practices relate to student learning behavior in first-year engineering mathematics courses?

RQ2: What clusters of students indicating specific learning behavior can be identified?

RQ3: What are the relationships between student learning behavior and academic success?

Methodology

Questionnaire

For our current survey we opted for items covering learning behavior under six aspects: weekly assignments (a1 to a8, 8 items), lectures (l1 to l5), tutorials (t1 to t4), deep learning (d1 to d8), surface learning (s1 to s4), and effort (e1, e2). The items were taken from [START_REF] Wild | Lernstrategien im Studium. Ergebnisse zur Faktorenstruktur und Reliabilität eines neuen Fragebogens[END_REF], [START_REF] Himmelbauer | Das neue Prüfungssystem im Medizincurriculum Wien: Promotor oder Hindernis für bedeutungsorientiertes Lernen? Eine Studie zur Beziehung von Lernorientierung, erlebter Selbststeuerung im Lernen und Prüfungsleistung von Studierenden[END_REF] as well as from [START_REF] Trautwein | Predicting homework effort: Support for a domain-specific, multilevel homework model[END_REF]Niggli (2006), via Rach (2014), and were slightly reworded to distinctly refer to mathematics. All items were rated on a 4point Likert scales with extreme points (1) not true and (4) true. The survey was conducted three weeks before the end of the first semester. So, students had had ample experience (> 12 weeks) with academic work, had overcome the Christmas break, and the written examinations were looming. The mathematics lecture for students of civil, mechanical, and environmental engineering was addressed in the academic year 2015/2016, as well as the more advanced one for students of electric engineering and IT security, yielding a total of 458 data sets, complementing the 508 from our previous study [START_REF] Griese | Lernverhalten und Klausurerfolg in der Ingenieurmathematik -Selbsteinschätzung und Dozentensicht[END_REF].

Data analysis

In order to explore the structure of the questionnaire, we employed descriptive statistics, conducted explorative factor analysis (principal component analysis with orthogonal, i.e. varimax rotation) and calculated Cronbach's α for internal reliability.

Then, k-means cluster analysis was employed to identify different learner types who might show different patterns of academic success. Here, standardization of scale scores proved helpful for the characterization of the clusters. The average examination scores of the clusters were calculated.

Multiple linear regression was chosen to explore the influence of the different categories of learning behavior on academic success. For each participant, the items of one scale were combined by determining their means. These were used as predictors to calculate their influence on the outcome variable, academic success, represented by assessment points. Predictors were entered into or removed from the linear model by means of the forward, backward and stepwise methods. Constants, coefficients b, their standards errors, standardized coefficients β, their significance values, R² and ΔR² were calculated. Missing data was eliminated pairwise in all analyses.

Results

Sample description

Out of the 458 students having answered our questions, 382 (83.41%) are enrolled in an engineering course (the rest gave no answer or were attending other courses). 74.61% of these are male, although the percentage varies over the different engineering courses (from only 49.35% males in civil engineering up to 90.23% males in machine engineering). The average age is 20.75 years (SD=3.30 years, median = 20 years), which means that the vast majority enrolled at Ruhr University almost directly after leaving school. About one quarter (25.57%) have a mother tongue different from German. About two thirds (67.42%) gained their general qualification for university entrance at a grammar school (German Gymnasium), and 70.05% attended an advanced course in mathematics when at school. 69.02% went to the preparation course offered by our university. Considering that 37.31% of the students state they got no more than average marks in mathematics at school, there may be a notable share of students facing problems with tertiary mathematics.

The sample of 262 data sets from students of machine, civil, and environmental engineering (who attended the same mathematics lecture) was chosen as it fit the sample from the previous year. 192 data sets could initially be matched via their individual codes to results from the written examination, and a further ten were matched by completing exactly one blank (out of the five defining a code). In order to avoid wrong matchings, this was only done in unambiguous cases. The resulting 202 data sets were then used for further explorations (meaning 60 questionnaires were eliminated for the purpose of research question three).

Exploration of items and factor structure

Some items showed prominent descriptive values. The items with the highest scores are l1 and t1 (Ml1=3.69, SDl1=0.75, Mt1=3.58, SDt1=0.85) which cover regular attendance of lectures respectively tutorials. Item l4 (see below) scored lowest, followed by t3 (Mt3=1.94, SDt3=0.86, I prepare for the math tutorials).

The results of the explorations of the factor structure are presented here, complementing the outcomes from the year before, see Table 1. In summary, in 2014/2015, the theoretically implied six factors were identified with only one slight renaming of effort into continuous effort, but the internal reliability was compromised in three of the six scales (Cronbach's α < 0.6): surface learning, deep learning, and tutorials. This was acceptable only because the factors relevant for academic success, weekly assignments, and continuous effort, had α > 0.7. The explorations for the new data from 2015/2016 finally resulted in the same six scales as before (with a root mean square residual of 0.07).

The similarities between the two years are notable, and as before, the total variance explained sums up to 48%. Item a4 (I only hand in the solutions of weekly assignments that I authored myself) has changed its loading from weekly assignments to deep learning, and indeed it can be understood both ways, as a strategy for handling the weekly assignments, and as a deep learning strategy. The factor continuous effort shows only an acceptable internal reliability which does not improve when items are deleted or added. Item l4 (During or after the mathematics lecture I ask questions if something is unclear to me) again showed its inadequacy and was not entered into further calculations, so this item (with Ml4=1.80, which is the lowest value observed, and SDl4=0.91) is not expedient. Item t1 (I regularly attend math tutorials), which was eliminated in 2014/2015 due to unilateral scores, now loads (in compliance with its conception) on tutorials, without worsening the internal reliability. The scale lectures has lost its cohesion due to the fact that it contains both the lowest and the highest scoring item (l4 and l1). The scoring may be connected to some changes in teaching style, thus addressing RQ1. Mostly, the internal reliabilities of the scales are within the range of acceptability or better (apart from lectures with α = 0.48) and allow the use of five out of the six factors for further investigations. For answering RQ3, concerning the relationship between learning behavior and examination outcomes, linear modelling was employed. The correlations between the resulting six factors were limited to 0.45, allowing this method. The purpose of a linear model is to identify the factors (predictors) connected to an outcome variable (academic success, measured in achievement points in the written examination), as well as the direction (via the algebraic signs of b and β) and the strength of their influence (via the absolute value of the standardized β). In linear regression, the aim is to predict values of an outcome variable via a linear model of one or more predictor variables.

Correlation between the predictor and the outcome variables is a condition for linear regression, but must not be interpreted as causality without further information. It can (but need not) mean causality in both directions (or even a common cause for both observations). Linear regression, however, has the advantage of distinguishing between predictors and outcome. It also provides estimates for the significance and the strength of the influence of each predictor on the outcome variable. In our case, the direction of the influence (learning behavior on examination performance) is unsuspicious, even though we are aware of the fact that other variables (e.g. general intelligence, education before university) influence performance, too. As a first step, all six factors were entered into a linear model, resulting in the parameters presented in Table 3, showing the importance of weekly assignments, tutorials, and of avoiding of surface learning techniques.

The forward, backward, and stepwise methods for entering predictors into the model, respectively removing them, were employed, resulting in the four-predictor model shown in Table 4, which additionally comprises deep learning strategies (which, though not significant, increases the R² considerably from 25%), and explains 33% of the variance of academic success. The algebraic signs of the (significant) β values indicate the direction of the supposed impact of the predictors on the outcome variable: The more students engage in working on their weekly assignments, the more they actively partake in the tutorials, and the less they employ surface learning behavior, the more successful they are in the written examination.

Summary and discussion

The highest average scale scores were found for lectures and tutorials, thus pointing out their central role in university teaching (in spite of new digital tools for distance learning). Again, the item on asking questions during or after lectures scores consistently lowest and loads unsystematically.

Obviously, hardly any students dare to ask questions in the huge lecture hall comprising more than 800 seats. This item need not be used again in comparable courses. There is no scale with a mean score below 2.3 (all average scale scores are medium or high), which can be understood as an indication for the fact that our questionnaire covers only the learning behavior students report to engage in regularly; it may also be understood as a weakness of the questionnaire, as learning behavior not engaged in might also provide interesting revelations.

Some parameters of the new sample indicate a more competent cohort (e.g. the smaller share of students with a weaker educational background), although other findings show hardly any difference (e.g. gender, mother tongue ≠ German). The high scores for the items from the lectures scale are striking, it now has a distinctly higher average score (ML=3.55 in 2015/2016;ML=2.35 in 2014ML=2.35 in /2015) ) and has gained the top position, hinting that the students from this cohort attended the lectures more often and engaged in preparations or follow-up work more regularly. One reason for this may be a very different teaching approach in 2015/2016, which (among other features) involved the upload of script with gaps before lectures, as contrasted to uploads of complete scripts after lectures in 2014/2015. This distinct difference impacts on learning behavior and addresses RQ1.

Regarding RQ2, in the cluster analysis, two opposing groups of almost equal size emerge: one showing sensible, continuous, and diligent learning behavior (and consequently attaining more assessment points); the other is characterized by superficial and irregular learning or procrastination (and less points). It is remarkable, though, that their standardized scores for lectures are more similar than the scores from the other scales, which (apart from the fact that it reveals the weakness of this scale) allows the interpretation that the engagement in lectures is a less distinctive feature than other learning behavior. Considering how irregular the items from this scale score over the years, and the personality factors involved, this scale will probably stay problematic in future.

Concerning RQ3, the linear modeling stresses the relevance of working with the weekly assignments (as in the previous year) and attending tutorials. Again, lectures play no quantitatively relevant role, despite the high average score assigned to them now; but for reasons pointed out above this scale must be interpreted with care. The fact that surface learning techniques have a significant (and negative) impact in the final model is remarkable in view of the task types engineering students face in their first year. This may be hinting at an already changed assessment focus, but that would have to be supported by a detailed and comparative analysis of the tasks from several years. Deep learning techniques were kept in the model as a complement and because they increase the explained total variance, although it can be argued that their contribution is weak and not significant. In contrast to other findings, (continuous) effort now does not contribute relevantly to explaining academic success, which is another indication of a change in assessment. On the whole, the more recent model paints a clearer picture of what is relevant or not in order to succeed in the examination than in the year before, when multiple choice tasks were involved.

Outlook on further research perspectives

The results form the basis for further research in which the tasks from the weekly assignments and the exercises in the written examination are examined more closely with the goal to gradually change them towards more competence-orientation, according to the suggestions by [START_REF] Alpers | Das SEFI Maths Working Group "Curriculum Framework Document" und seine Realisierung in einem Mathematik-Curriculum für einen praxisorientierten Maschinenbaustudiengang[END_REF]. This would involve, for example, finding, describing, and correcting different types of mistakes in the calculation of an inverse matrix, instead of doing the calculation itself. The results gained from the explorations presented in this and a previous paper [START_REF] Griese | Lernverhalten und Klausurerfolg in der Ingenieurmathematik -Selbsteinschätzung und Dozentensicht[END_REF] will then supply the background against which the expected changes can be compared.

Table 1 : Factors and their internal reliabilities, data from two years

 1 

	Factor	Items 14/15	α in 14/15	Items 15/16	α in 15/16
	Weekly assignments	a1, a2, a4, a5, a6, a7, a8 0.75	a1, a2, a5, a6, a7, a8	0.74
	Continuous effort	e1, e2, d4, d7, d8, t3, l5 0.72	e1, e2, d4, d7, d8, t3, l5 0.63
	Lectures	l1, l2, l3	0.72	l1, l2, l3	0.48
	Surface learning	s1, s2, s3, s4	0.57	s1, s2, s3, s4	0.59
	Deep learning	d1, d2, d3, d5, d6	0.56	d1, d2, d3, d5, d6, a4	0.61
	Tutorials	t2, t4, a3	0.53	t1, t2, t4, a3	0.61

Table 2 : Cluster analysis (k-means) for two clusters, standardized score values

 2 Concerning RQ2, the data fitted best into two clusters, whose average standardized scale scores are presented in Table2. The students in the first cluster show superior learning behavior under all the six aspects represented by the factors; they even employ less surface and more deep learning techniques (as pointed out by the pattern of algebraic signs), which consequently correlates to a higher number of achievement points in the written examination.

	Scale	A	E	L	S	D	T	# Students	Average assess-
	centers								ment points
	Cluster 1 0.55	0.54	0.21	-0.46	0.55	0.53	64	84.52
	Cluster 2 -0.63	-0.62	-0.25	0.52	-0.63	-0.61	56	50.84
	The scales (named with capital letters) show varying average scores, indicating the relevance students
	assign to them. Lectures (L), tutorials (T), and weekly assignments (A) score highest (ML=3.55,
	MT=3.43, MA=3.26, SDL=0.57, SDT=0.54, SDA=0.52), while deep learning (D), continuous effort
	(E), and surface learning (S) score medium (MD=2.87, ME=2.82, MS=2.31, SDD=0.48, SDE=0.43,
	SDS=0.60).								

Table 3 : Regression model with six predictors and outcome variable academic success

 3 

Table 4 : Regression model with four predictors and outcome variable academic success

 4 

	Predictor	b	SE for b	β	Sig.
	(Constant)	-35.40	26.94		0.192
	Weekly assignments	16.54	5.61	0.26**	0.004
	Surface learning	-9.81	4.35	-0.18*	0.026
	Deep learning	6.10	5.78	0.08	0.293
	Tutorials	16.65	5.12	0.27**	0.001
		R²=.38, *** for p<0.001, ** for p<0.01, * for p<0.05	
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