M UNIVERSITY OF MINNESOTA ROCHESTER

ACCESSing The DEVEIOpment Of The HOriZOntaI Tra nSIation Visual Literacy Ski" |n Vanessa Andrade?, Juquila I. Contreras Vital!, Chloé S. Morin?!, Xavier Prat-Resinal, Cassidy R. Terrell?

1. University of Minnesota— Rochester, Center for Learning Innovation, 111 S. Broadway #300,

Students Using Neural Networks Rochester, MN 55904

Research shows that many students struggle with visual representations in molecular life science courses, which impacts their ability to learn the material. Currently, there is minimal research related to the development of students’ visual
literacy neural networks. This study aims to understand how students’ neural networks evolve based on their chemistry and biochemistry course enrollment. For this study, students as well as experts took a survey in which their horizontal
translation visual literacy skills were measured to make neural networks. Then, the students’ neural networks were analyzed across the chemistry and biochemistry curricula and compared to experts’ neural networks in order to answer the
question: How do the neural networks of students change throughout the different curricula in comparison to experts? Utilizing Pathfinder, eccentricity values for each node were generated in which a low value signifies a node(s) is the most
central node(s). Furthermore, the degree values indicate which node(s) has the highest degree of branching. With both these values, they can be used to look at whether the neural network of students are similar or different from the experts.
These data could help create a curriculum for chemistry and biochemistry courses that could possibly improve students’ visual literacy skills.

Research Question Data and Results Data and Results
Degree 2D Active ES Specific(LD Enzyme Enzyme Enzyme Lineweaver- Michaelis Michaelis Enzyme Enzyme
. coordn ytdgthRA Site SYM  Chemical H)ES Chem inhibition reaction induced fit Burke GRA Menten Menten GRA assay REA Catalyzed
How do the neural networks of students change throughout the chemistry e — Fouation | Equaton || CARSCH | coordinate | CARSCH S Artow pushing
| ChemIStry 1 . SpecfcfLDH) ES SCH
(] (] ® ® ® | Chem| str 2 ChemEquatlongCH
and biochemistry curriculum in comparison to experts? \\ Y *
ite SYM / o assay REA
Induced f/ Er;ﬁyg‘\;eérgjgﬁed
ﬁt}ARSCH Michaelis Menten Mich;elis * // E S Ch em Rxn EXp er t 1 3 1 2 3 3 1 1 5 1 1
formuzSYM — Menten GRA /
St u d y D e S ig n CHEM1331 (CHEM1) 3 1 2 2 2 1 1 1 3 1 3
) . . . - assay . coordinate dia ram Enzg/gz;a igl%iaition - a‘a —~ CHEM1321 1 2 2 2 1 3 1 2 2 1 3
e Survey was sent to both experts (Ph.D/s in biochemistry or related subject) and students from UMR. / (CHEM2//Ochem1)
Data iCi in ei i i i R o1 | o
Skl ¢ Participants from UMR are enrolled in either a chemistry or biochemistry course. I V331 3 9 1 9 ’) ’) 1 1 3 1 )
eacion  — Chem Equation SCH fit CAR SCH Vs
s (CHEM3//Ochem?2)
. . Michaelis C 33 1 1 2 3 1 3 1 1 3 1 3
v I The collected data was processed in Pathfinder and then averaged to create neural networks. o (CHEM4//GenChem2
rocessing . o |
Dat . | -
ata Pathfinder generated the eccentricity and degree values. T | e UMRBIOC3321 1 p) 2 4 1 3 2 1 2 1 1
: . ; UMRBIOC3322 1 1 E : ! . : ! = ! 2
e Neural networks of students were compared to experts based on eccentricity and degree of e :
branching B Table 2: Degree values. The degree values of each average neural network was taken to measure which
Analyzin . . . Chemistry 3 | nodes have the highest degree of branching.
Sl ¢ A pair of nodes branching from one of the most central nodes in the experts’ neural networks was T
usec fomeasure helr distance Conclusion & Future Direction
. The central nodes in most students’ neural networks did not match the experts. Among the
Data =2 nd Resu Its curriculums, however, the central nodes seem to overlap more possibly meaning that students
continue to view the same visual representations as more centrally connected to other
Eccentricity ZI? ES. Specific(L .En.zy.rr)e Enzyme -Enzyme Lineweaver- | Michaelis | Michaelis Enzyme Enzyme o representations.
Active | Chemical DH) ES | inhibition reaction induced | Burke GRA Menten Menten | assay REA Catalyzed Ghom Eqution SCH . . . E— ,
Site SY | Equation | Chem | CARSCH | coordinate | fit CAR formula GRA Arrow pushing | N Throughout the curriculums, there are little visual similarities between the students’ neural
M SCH Equation diagram SCH SYM Mechanism networks and the experts. The students' neural are more liner whereas the experts’ is more
>CH GRA >CH N\ Biochemistry 1 Biochemistry 2 concise. The neural networks in students do not seem to evolve into a similar shape as the
- BN | experts’. Possibly indicating that students’ networks are not evolving into that of an expert.
et ----_-—---- o e * The degree values show there is more branching among students’ neural networks.
EX p e r t | | Ineweaver- qr | aSESr;ZnyEA . . ’ ) ' . .
Furthermore, the degree of branching in the students’ is smaller than the experts’ within the
C HE M1331 " Lineweaver-Burke GRA . . . . .
(CHEM1) same node identified as the highest degree of branching.
e
CHEM1321 ----------_ b Vo o Future direction for this study is to create a hot spot of both the experts and students better visualize
gz oz, : I / the differences and similarities between the neural networks.
CH E M 2 3 3 1 \\ zyme o Enzzlrrp‘t;a igrcl:iﬂitio*
CHE M3/ / Ochem?2 ) | | I nzyme infibit \
CHEM2332 it R f d A k I d t
(CHEM4//GenChe Chemistry 4 / . | N e e re n Ce S a n C n OW e ge m e n S
/ Enzyme reaction T‘Z me_reac on \\\ Enzyme reaction
i il e 658 B Erame o Ay Dche cordalediagram GRA We would like to thank the chemistry and biochemistry students at the University of Minnesota Rochester who participated in our study. This project was supported by
el o the University of Minnesota's Undergraduate Research Opportunities Program. The project was approved by the UMN IRB under STUDY00012054.
_ 1 i Neiles, K. Y. (2012). An Investigation of the Effects of Reader Characteristics on Reading Comprehension of a General Chemistry Text. ProQuest LLC., Ann Arbor, MI.
UMRBIOC3321 i . . Neiles, K. Y., Todd, I., & Bunce, D. M. (2016). Establishing the Validity of Using Network Analysis Software for Measuring Students’ Mental Storage of Chemistry Concepts. Journal
. . . . . Neiles, K. Y. (2014). Measuring Knowledge: Tools to Measure Students’ Mental Organization of Chemistry Information. American Chemical Society, Washington, DC.
UL OEs 2 Flgure 1: Neural nEtworkS' The dverage neural networks Of the ChemIStry and bIOChemIStry courses at UMR were taken Offerdahl, E. G., Arneson, J. B., & Byrne, N. (2017). Lighten the Load: Scaffolding Visual Literacy in Biochemistry and Molecular Biology. CBE—Life Sciences Education, 16(1), 1-11.
Table 1: Eccentricity values. The eccentric values of each average neural network were taken in order to measure using Pathfinder. Furthermore’ the nodes with low eccentricity values (circ|ed) and h|gh degrees of branches (Starred) Echénboan, ch;nradJ,&A;clzl\;rjon,/T.RB.(70102d8ridgingt:;(;h;c;;cio;sai Research-Teaching Practice Gap: Foundations for Assessing and Developing Biochemistry Students’ Visual
: * . o L iteracy. Biochemistry and Molecular Biology Education, , 347-354.
which node(s) are the most central in each. The lower the eccentric value is, the most central the node(s) is. were identified within each neural network.




	Slide Number 1

