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Abstract: This paper presents the German translation and replication of the Students’ Understanding of Models
in Science (SUMS) instrument, aiming to assess how first-semester university students comprehend the submi-
croscopic level in chemistry courses. The assessment of students’ understanding is a prerequisite for improving
teaching practices, particularly in addressing the persistently high drop-out rates observed in chemistry and
chemistry-related programs. Employing a quantitative methodology, a sample of 181 undergraduate chemistry
students was surveyed. The data were analyzed using structural equation modeling, resulting in two statistical
models that demonstrated an excellent fit to the data, although no empirical preference could be established for
one model over the other. Based on the investigation, framing models as exact replicas of the natural world
cannot be considered an empiricallymeaningful dimension of understandingmodels in science. Additionally, the
reliabilities of the latent constructs were found to be insufficiently low to establish generalizable measurements.
Thesefindings are discussedwith a focus on epistemology and advocate for a stronger integration ofmodel theory
in chemistry teaching and learning. Finally, the importance of establishing a stronger connection between
empirical evidence and the implementation of curricular changes in higher education is emphasized.
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1 Introduction

The drop-out rates observed in undergraduate STEM tracks have reached unacceptable levels. In Germany, it has
been reported that approximately 30–40 % of STEM students do not successfully complete their studies (Heublein
et al., 2022). Reducing these percentages is of utmost importance, particularly from the standpoint of a technology-
and-knowledge-based national economy. Establishing and maintaining a supportive infrastructure that facili-
tates the development of a sufficient number of next-generation engineers in high-technology environments is
crucial.

To ensure that university administration and teaching staff can implement appropriate measures to retain
their students, it is imperative for them to comprehend the subject-specific causal factors influencing students’
drop-out rates. A specific challenge within the field of chemistry pertains to universities’ ability to mitigate the
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drop-out rate resulting from failed exams in introductory chemistry lectures (Fleischer et al., 2019). By offering
empirical evidence of these causal factors to teachers at universities and schools, chemistry education research
can equip them with the necessary tools to effectively utilize their valuable time and resources in activities that
promote meaningful learning. The central focus of this learning process should be the connection between the
particle level and observable phenomena,which constitutes the cornerstone of chemistry knowledge (Reid, 2021a;
Stowe et al., 2021). In order to facilitate this connection, a solid understanding of scientific modeling is advan-
tageous for both students and teachers (Ke & Schwarz, 2021). Thus, it becomes important to cultivate students’
comprehension of scientific models in general, as this will ultimately contribute to the development of a stronger
understanding of chemistry (Schwedler & Kaldewey, 2020). Considering this line of reasoning, it becomes
apparent that assessing students’ understanding of scientific models becomes a necessary prerequisite. This is
particularly relevant since the learning environments in chemistry education are not well-suited to complement
their curriculum with individual tutoring on models and modeling in science.

The Students’ Understanding of Models in Science instrument (SUMS, Treagust et al., 2002) is considered a
potential candidate for such an assessment due to its ability to strike a balance between meaningfulness and
efficiency when evaluating students’ comprehension of scientific models. In the subsequent sections, this article
presents the German translation of SUMS and describes the validation process.

2 Theoretical background

2.1 Epistemological considerations

The exploration of models and modeling in chemistry is inherently tied to epistemological considerations
(Erduran, 2001; Klein, 2003). Simultaneously, within science education, there exists a tendency to view models as
both direct representations of target systems and as subject-oriented processes for making sense of these target
systems (Rost & Knuuttila, 2022). However, this conflation of perspectives is contradictory. On one hand, when a
scientist attempts to depict an atom and argues for a structural relationship within the representational vehicle
(e.g., a sketched circle with dots), there is no directmeans of justifying that specific structure. On the other hand, if
the scientist posits that a model retains value as long as it accurately represents the phenomenon under inves-
tigation (Stowe & Esselman, 2022), one could question how this approach generates subject-specific knowledge in
the first place.

This article’s position aligns with the notion of models as epistemic artifacts (Knuuttila, 2011, 2021). This
perspective alleviates the burden of striving for more or less precise representational endeavors or falling into
the trap of regarding models solely as practical constructions. Instead, it allows for the construction of scientific
knowledge.

2.2 Empirical considerations

In order to effectively mitigate drop-outs in chemistry courses, a thorough understanding of students’ compre-
hension ofmodels andmodeling, as well as its connection to their prior knowledge, is imperative (Chittleborough
& Treagust, 2007). Merely assessing students’ understanding of models is far from adequate when it comes to
teaching any science subject (Schwarz et al., 2022); however, it is a mandatory requirement (Constantinou et al.,
2019). This necessity arises from two primary reasons. Firstly, Fleischer et al. (2019) demonstrate a direct influence
of prior knowledge on students’ intentions to discontinue their studies. Secondly, the comprehension of the
particle level precedes the acquisition of chemistry knowledge (Sumfleth & Nakoinz, 2019). Regrettably, the
endeavor to integrate prior subject knowledge, and knowledge of models and modeling within the teaching
process encounters various challenges, encompassing the cognitive demands placed on learners (Johnstone, 1993)
and the epistemological perspectives of teachers (Oh&Oh, 2011). These challenges accumulate, contributing to the
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inherent difficulty of learning chemistry (Reid, 2021b). In conclusion, without gaining insights into how to engage
with students’ preconceptions (Duit & Treagust, 2003), lecturers risk merely reproducing a superficial presen-
tation of the philosophy of science during introductory chemistry lectures.

2.3 The SUMS inventory

In order to systematically comprehend students’ understanding of models, the utilization of an assessment tool
becomes necessary for both researchers and teachers. Particularly in the context of university settings with large
and diverse first-year cohorts, where individual assessment and acknowledgment of students’ perspectives are
resource-intensive, a quantitative instrument would prove beneficial. The starting point for this endeavor is the
SUMS inventory (Treagust et al., 2002), which has gained recognition as a questionnaire designed to quantitatively
assess students’ comprehension of the properties and applications of models in science (Mathesius & Krell, 2019).
Distinct from performance-oriented approaches such as the Framework forModeling Competence (Constantinou
et al., 2019; Upmeier zu Belzen et al., 2019), SUMS captures learners’ perspectives regarding models and their
utilization by scientists. In this regard, Treagust et al. (2002) propose five latent factors to elucidate the under-
standing of models.
(1) Models as multiple representations (MR) refers to the diverse forms that models can assume, illustrating how

distinct model objects can convey a single target system. MR endeavors to encompass the range of repre-
sentational variations associatedwith a particular target system. Example: “Manymodels represent different
versions of the phenomenon.”

(2) Models as exact replica (ER) refers to assessing the perceived proximity between a model object and its
corresponding target system. ER entails establishing a structural connection between the model’s structure
and that of the target system, thus determining the degree of structural resemblance. Example: “A model
shows what the real thing does and what it looks like.”

(3) Models as explanatory tools (ET) refers to the capacity of model objects to facilitate understanding of a target
system by enabling access to non-visible objects and processes. ET serves to articulate learners’ compre-
hension through the utilization of a model as a representational means. Example: “Models help create a
picture in your mind of the scientific happening.”

(4) Uses of scientific models (USM) refers to the processes employed by scientists when utilizing models, spe-
cifically focusing on howmodels and modeling are implemented in scientific practice. USM encompasses the
diverseways inwhichmodels are employedwithin the scientific practices of variousfields. Example: “Models
are used to make and test predictions about a scientific event.”

(5) Changing nature of models (CNM) refers to the capacity of model objects to be revised, indicating that models
are not deterministic but rather susceptible to modification in response to new data or invalidated pre-
dictions. CNM encompasses information regarding the degree to which learners perceive models as either
permanent or subject to change. Example: “A model can change if there are new findings.”

The SUMS inventory has recently garnered attention through replication studies conducted in the USA and Chile,
resulting in mixed findings. Villablanca et al. (2020) present a successful replication of the original structure after
translating the questionnaire into Spanish. They suggest further research to better comprehend the variance
within the respective factors. However, their use of Cronbach’s α as a reliability measure has faced substantial
criticism in the empirical literature over the past decade (Hayes & Coutts, 2020; Padilla, 2019; Taber, 2018; Yang &
Green, 2011).

In contrast to the successful replication in Spanish, Lazenby and Becker (2021) conclude that there is
insufficient evidence to support the use of the SUMS inventory in its original form as an assessment tool. They
were unable to replicate the original factor structure and reported cross-loadings during their exploratory factor
analysis. Despite making theoretically justified modifications to the scales, they were still required to reject their

M. Rost et al.: Don’t we know enough about models? 3



measurement models. These findings clearly indicate the limited transferability of the instrument, leading the
authors to caution researchers and practitioners against using the SUMS instrument in contexts outside of its
original development without additional evidence of validity and reliability.

Therefore, the main objective of this article is to fulfill this need by providing an accurate account of the
translation process of the SUMS inventory, along with modifications that maintain sufficient fidelity to the
original instrument. This approach ensures a transparent proposal and analysis of the psychometric structure.
The research questions and proposed structure are presented as follows:

2.4 Research questions

(1) Can the factor structure of the SUMS inventory, as originally proposed by Treagust et al. (2002), be replicated
in a translated (German) version?

(2) If the proposed factor structure holds, to what extent do the respective scales demonstrate the necessary
reliability to serve as valid measurements for subsequent analyses?

2.5 Hypothetical psychometric structure

Four distinct models were agreed upon to integrate the aforementioned information into a testable empirical
framework (Figures 1–4). The first model replicates the structure proposed by Treagust et al. (2002), as the
inconclusive findings from prior research resulted in retaining the assumption of five correlated factors. The
second model was derived from theoretical considerations regarding the ER factor. The empirical challenges
encountered thus far in relation to ER are theoretically justified, given the intention to conceptualize models
beyond mere depictions. For example, “Many models are used to show how it depends on individual’s different
ideas on what things look like or how they work.” (MR) should not correlate with “A model shows what the real
thing does and what it looks like.” (ER). Hence, a proposal is put forth to test a structure comprising of only four
correlated factors, namelyMR, ET, USM, and CNM. The remaining twomodels represent expanded versions of the
aforementioned structures, encompassing their respectivefive or four factors in addition to an overarching SUMS
factor. By incorporating a higher-order factor model (Brunner et al., 2012), this approach signifies the assumption
of a comprehensive factor of general model understanding. This overarching factor comprises subfactors that
align with similar yet discernible directions, thereby reflecting Treagust et al. (2002) foundational assertion
regarding students’ comprehension of models: “[They] have their own personal and unique understanding of the
role of scientific models in science built up through their life experiences.” (p. 358)

Figure 1: Reproduced
psychometric assumption of
SUMS by Treagust et al. (2002).
Five correlated factors constitute
views on models and modeling.
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Figure 2: Adapted psychometric
assumption of SUMS by Treagust
et al. (2002). Excluding ER leads
to four correlated factors for
views on models and modeling.

Figure 3: Extended psychometric
assumption of SUMS following
Treagust et al. (2002). Five
non-correlated factors are
connected via an overarching
general factor.

Figure 4: Extended and adapted
psychometric assumption of
SUMS following Treagust et al.
(2002). Excluding ER and
introducing an overarching
general factor constitute the
theoretical assumption of views
on models and modeling.
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3 Design and methods

3.1 Context

This investigation contributes to a German university’s empirically grounded program aimed at facilitating
meaningful comprehension of the submicroscopic level among first-semester students. The primary objective
is to minimize the influence of prior knowledge on academic success in chemistry (Fleischer et al., 2019;
Hailikari & Nevgi, 2010). Given the constraints of limited resources for individualized teaching in large cohorts,
it becomes essential to establish efficient and generalizable measures that can be integrated into the learning
environments.

With respect to chemistry-related lectures, the university hasmade the decision to review the content of their
lectures based on empirical research in chemistry education. Consequently, the teaching staff aims to enhance
their understanding of how students grasp the particle level in the context of scientific modeling, moving beyond
the mere presentation of declarative knowledge and fostering a proactive learning experience.

3.2 Translation process

For the translation process, three individuals were involved, two of whom translated the items into German. One
of these individualswas thefirst author of this paper, while the otherwas a native English speaker. Additionally, a
German native speakerwith an academic degree in English contributed to the translation process. Following this,
the itemswere re-translated into German by the native English speaker, and deviations were carefully examined.
Multiple rounds of discussionwere conducted, which did not yield significant concerns regarding content validity
or potential sources ofmisunderstanding. Throughout the translation process, precautions were taken to address
common sources of validity constraints in quantitative tools. For instance, it was ensured that item texts
containing conjunctions such as and were avoided, in accordance with recommendations by Haladyna et al.
(2002). As a result, the item pool became more extensive than the original instrument, as items containing
conjunctions were split into two separate items.

3.3 Target group & data collection

Following the transition of the questionnaire into an online format, data were collected from a total of 181 first-
year students enrolled in three distinct study programs: physics (N = 60), dietetics (N = 79), and chemistry
engineering (N = 42). The digital questionnaire was completed by the students using their personal devices during
a lecture session, in the presence of the lecturer.

3.4 Data analysis

After extracting the data from the university’s database, the obtained Excel sheet was transferred to the
statistical software R (R Core Team, 2020) for further analysis. An exploratory data analysis was initiated
(Bryer & Speerschneider, 2016; Lüdecke et al., 2022; Revelle, 2019) with a specific focus on examining item
correlations within the five hypothesized factors. The reporting of these correlations adheres to the guidelines
outlined by Funder and Ozer (2019). Subsequently, confirmatory factor models were estimated and evaluated,
which were then summarized in structural equation models (Hu & Bentler, 1999; Rosseel, 2012; Ziegler &
Hagemann, 2015).
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4 Results

Following the exclusion of items with non-significant correlations, the remaining items were deemed to measure
the latent constructs (SUMS factors) with different reliabilities and an additive constant for each item (Bühner,
2021). Consequently, the four dimensions, namely MR, ET, CNM, and USM, exhibited a satisfactory fit when
considering essentially tau equivalent measurement models, as presented in Table 1. After exploring various
measurement models, ER was ultimately excluded from further analysis. Neither could an appropriate mea-
surement model be identified, nor did the items exhibit correlations that would permit the establishment of a
shared scale. Figure 5 displays the distribution of answers for the ER factor. It is important to highlight the varying
directions of agreement observed for certain items, suggesting a lack of fit at the descriptive level. For example,
the product-moment correlation between ER_9 (“Amodel should be an exact replica.”) and ER_12 (“Every part of a
model should clearly show what it represents.”)1 is negative, statistically not significant, and tiny (r = −0.04, 95 %
CI [−0.18, 0.11], t(179) = −0.53, p < 0.600).

The descriptive answer distributions of the remaining four factors are presented in the Supplementary
Information section of this article. After the exclusion of ER, the resultant structural equation model with a
general factor demonstrated a good fit (χ2 = 167.9 (162), p = 0.36; CFI = 0.98; RMSEA = 0.01, 95 % CI [0; 0.04];
SRMR = 0.07). The structure is depicted in Figure 6. One item pair was allowed to share error variance: “Models
show different perspectives on scientific phenomena” (MR5) and “Models are changed if new theories disagree
with them” (CNM25). Both items are related to the conditional value of models, indicating that the introduction of
a new theory yields fresh insights into the subject under consideration. Furthermore, the hypothesized model
with four correlated factors and the absence of a general factor also demonstrated a good fit (χ2 = 169.3 (161),
p = 0.31; CFI = 0.97; RMSEA = 0.02, 95 % CI [0; 0.04]; SRMR = 0.07).

The range of Cronbach’s α values for our items was found to be acceptably high (∝Cronbach ≈ 0.8). Never-
theless, upon employing state-of-the-art criteria recommended for assessing the reliability of the instrument
(Hayes & Coutts, 2020; Padilla, 2019), less reliable estimates for the latent constructs were uncovered (Table 2).

5 Discussion

Based on the observed misfit between the empirical data and the hypothesized ER factor, it can be concluded
that the translated version of the SUMS inventory does not accurately reflect the original publication (Treagust
et al., 2002).

No empirically conclusive reasons were found to differentiate between the psychometric structure
comprising the four separate factors (MR, ET, CNM, USM) that demonstrated a good fit and the structure incor-
porating a general factor representing an overall estimate of students’ model understanding.

Table : Fit measures for essentially tau equivalent measurementmodels of the five dimensions. Dimension ER does not show sufficient fit
measures.

Fit measure MR ER ET CNM USM

Degrees of freedom (df)     

Chi-square (χ) . . . . .
p-value . <. . . .
Comparative Fit Index (CFI) . . . . .
RMSEA . .   

SRMR . . . . .

1 Please note that the itemphrasings presented throughout the article’s empirical part are non-validated re-translations of theGerman
item versions by the first author for illustrative purposes only.
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An appropriate reliability range could not be established, and concerns arise regarding the item correlations
within the nomological net (Ziegler, 2014; Ziegler &Hagemann, 2015). Treagust et al. (2002) already highlighted the
problematic nature of understanding models as exact replicas. Both this investigation and the study by Lazenby

Figure 6: Four-factor structure, excluding ER and including a general factor. χ2 = 168.0, p = 0.36; CFI = 0.98, RMSEA = 0.01, 95 % CI [0; 0.04];
SRMR = 0.07.

Figure 5: Distribution of participants’ answers to the ER items. The figure differentiates between the three academic tracks (PHY, physics;
EGU, dietetics; CH-ENG, chemistry engineering).
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and Becker (2021) were unable to establish a measurement model for this particular dimension, despite the
original study and the Spanish replication (Villablanca et al., 2020) reporting afit between the data and the theory.
However, each of these studies encountered challenges regarding the validity of the significant correlations
among the five factors.

If scientific models are considered as enhancing understanding of target systems through multiple theo-
retical expressions, it follows that conceptualizingmodels asmere copies of reality should not exhibit correlation.
However, undergraduate students consistently express agreement with items from both the ER and MR
dimensions in the same direction. It appears that these students possess an eclectic understanding of models,
potentially stemming from the conflation of mutually exclusive theoretical perspectives prevalent in science
education research and teaching (Rost & Knuuttila, 2022). In this field, models are often treated simultaneously as
structural representations and as tools, contingent upon subjective judgments by users regarding their purpose,
context, and timing. At this stage, it is not appropriate to endorse one perspective over the other. However, it
should be acknowledged that such conflation is deemed inconsistent (Knuuttila, 2011) and has the potential to
result in misunderstandings among stakeholders in science education.

6 Conclusions

On one hand, a valid instrument to effectively capture students’ understanding of models with appropriate
reliability could not be established. Consequently, drawing generalizable empirical conclusions regarding the
connection between model understanding and knowledge gains in general chemistry lectures remains chal-
lenging. On the other hand, the development of such an instrument remains an urgent matter. Understanding
learners’ conceptions of how scientists acquire knowledge is a crucial aspect of future-oriented science education
(Oh & Oh, 2011; Schwarz &White, 2005; Schwarz et al., 2022). In empirical investigations, it becomes necessary to
devise approaches that integrate qualitative data, establish case studies, and foster a qualitative understanding of
students’modeling practices (Göhner et al., 2022; Schwarz et al., 2009). While investigating verbal descriptions or
drawings in themselves is valuable, these learning artifacts also serve as promising candidates for integration
with quantitative approaches. Thismethodological diversity has gained traction, including the application of tools
from the fields of machine learning and natural language processing (Rost, 2022; Zhai et al., 2022). This article
contributes a quantitative perspective to expand beyond the assessment of students’ performance (Schwarz et al.,
2022), thereby enhancing the understanding of how students comprehend models and modeling in science
education.

The findings underscore the significance of a nuanced understanding of the epistemological perspective on
models and modeling. Students exhibit a conflation of the multiplicity of models with the notion of models as
exact replicas across all investigated studies, demonstrating a consistent inconsistency. Therefore, it is imperative
for chemistry educators to provide students with a strong knowledge foundation and an awareness of how
scientists construct knowledge since knowledge, without an understanding of its origins, loses its status as such
(Hofer, 2002; Sendur et al., 2017).

Lastly, the scientific community is invited to share their concerns and suggestions for refinement, embrace
empirically driven approaches in the field, and contribute to the development of a generalizable assessment tool
for evaluating students’ understanding of models in chemistry-related learning and teaching.

Table : McDonald’s omega (Hayes & Coutts, ) with % confidence intervals.

Factor ω CI (low) CI (high)

MR . . .
ET . . .
USM . . .
CNM . . .
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Supplementary Information

The following Figures 7–10 contain the distribution of answers to all items. The original SUMS assignments cluster
them into the respectively presented factors.

Figure 7: Distribution of participants’ answers to the MR items. The figure differentiates between the three academic tracks (PHY, physics;
EGU, dietetics; CH-ENG, chemistry engineering).

Figure 8: Distribution of participants’ answers to the ET items. The figure differentiates between the three academic tracks (PHY, physics;
EGU, dietetics; CH-ENG, chemistry engineering).
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Research ethics: Antecedent to the study, explicit participant consent was secured. Subsequently, data was
anonymizedwith individual codes for potential erasure. During analysis, these codeswere replaced by sequential
numbers by the data collector, ensuring analyst access without compromising raw data security.

Figure 9: Distribution of participants’ answers to theUSM items. The figure differentiates between the three academic tracks (PHY, physics;
EGU, dietetics; CH-ENG, chemistry engineering).

Figure 10: Distribution of participants’ answers to the CNM items. The figure differentiates between the three academic tracks
(PHY, physics; EGU, dietetics; CH-ENG, chemistry engineering).
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