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Abstract- Project-Based Learning (PBL) was implemented in a first-year engineering chemistry laboratory to replace traditional
'cookbook' experiments with an authentic, problem-driven water-quality investigation. Teams of students conducted comprehensive
analyses of local water samples, measuring key physicochemical parameters (pH, electrical conductivity, hardness, chloride, total
dissolved solids, and alkalinity) and interpreting their data in context. All results were benchmarked against national drinking-
water standards and the operational criteria of various engineering uses (from domestic supply to high-pressure boiler feed). This
approach shifted the focus from obtaining 'correct' values to evaluating each water source’s fitness-for-purpose in real applications.
The structured two-week module, beginning with a scaffolded introduction to core techniques and followed by an open-ended team
project, fostered collaborative problem-solving and data-driven analysis. Students demonstrated the ability to obtain reliable,
reproducible measurements and to contextualise findings in professional terms—offering nuanced recommendations rather than
binary conclusions. Preliminary educational outcomes indicate that the PBL approach enhanced conceptual understanding of water
chemistry and its engineering implications while cultivating analytical proficiency, critical thinking, and transferable skills in
teamwork and technical communication. These results highlight that even at the introductory level, a well-designed PBL module can
effectively integrate chemistry and engineering education, leading to deeper learning and improved student engagement.
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(Rahmani, 2017), or justifying why high-pressure boilers
L. INTRODUCTION require near-demineralised feedwater. The project compels
end-to-end engineering practice: framing the problem;
selecting methods and calibrating instruments; implementing
controls and replicates; propagating measurement
uncertainty; integrating theory with evidence; and
communicating outcomes in professional artefacts (technical
memos, design notes, and decision briefs). In short, PBL
transforms laboratory work into genuine engineering design
and analysis—replacing binary “good/bad” lab verdicts with
nuanced, application-specific recommendations that balance
compliance, performance, cost, and safety.

Project-Based Learning (PBL) offers a purposeful bridge
between chemistry and engineering by replacing “cookbook”
laboratory routines with authentic, problem-led inquiry that
cultivates critical thinking, collaborative problem-solving,
and data-driven judgement under uncertainty(Carbonell et
al., 2021; Crippen et al., n.d.). In a first-year Engineering
Chemistry context, a comprehensive water-quality
investigation(Das et al., 2022) is an ideal PBL nucleus:
students design and execute experiments to quantify core
physicochemical parameters—pH, clectrical conductivity,
hardness, chloride, Total Dissolved Solids (TDS), and
alkalinity—then interpret = results against regulatory
benchmarks (for example, BIS IS 10500:2012 and WHO  This work was designed to meet clear pedagogical needs
guidelines)(Sayato, 1989) and the operational demands of  Within the first-year Engineering Chemistry laboratory at
real systems. This shifts the learning objective from merely Anurag University, Hyderabad, by replacing a sequence of
producing a “correct” value to evaluating fitness-for-  disconnected practicals with a single, cohesive project that is
purpose: potable water that satisfies public-health standards engaging,  rigorous, and  professionally  relevant.
may still be unsuitable for industrial assets, where  Implemented with cohort ECE-B  (roll ~numbers
Ca?*/Mg*-driven scaling can undermine heat-transfer ~ 24EG104B01-24EG104B66), the study positions water-
efficiency in boilers (Uwem Ekwere Inyang & Chidiebere quality analysis as the central vehicle for building scientific
Orji Olughu, 2025) and exchangers, while elevated TDS and literacy, engineering judgement, and team-based problem-
chloride accelerate corrosion, shorten equipment life, and ~ solving. The paper therefore (i) articulates the design logic,
raise risk (Nielsen et al., 2000; Xu et al., 2020). Students  scaffolding, and delivery of a Project-Based Learning (PBL)
therefore must contextualise findings—judging acceptability module centred on comprehensive physicochemical
and proposing mitigation—by, for instance, relating characterisation of water; (ii) consolidates the core analytical
conductivity to cycles of concentration in cooling towers  methodologies—complexometry, potentiometry,

II. STUDY RATIONALE AND OBJECTIVES
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conductometry, precipitation titrimetry, gravimetry, and
acid—base titrimetry—in a manner suitable for an
undergraduate setting without prescribing stepwise ‘recipes’;
(iii) illustrates realistic, datasets to demonstrate expected
outcomes and enable comparative interpretation; (iv)
evaluates learning gains in conceptual understanding, critical
thinking, and collaboration attributable to the PBL approach;
and (v) distils challenges and evidence-based
recommendations for colleagues seeking to deliver similar,
large-scale project laboratories.

I. PEDAGOGICAL FRAMEWORK AND DESIGN

A) PBL Model and Scaffolding

The instructional architecture employs a two-week arc that
deliberately builds from foundational competence to
independent application (Hung, 2006). In the first phase,
students consolidate fundamental skills—measurement
discipline, solution preparation, endpoint discernment, and
stoichiometric reasoning—through a guided exploration of
total hardness by EDTA complexometry, chosen for its
conceptual centrality to water quality. The subsequent phase
pivots to an ill-structured brief that requires teams to design
and execute an integrated analytical plan across multiple
parameters, drawing on provided method notes<and their
newly consolidated skills. Academic staff operate as
facilitators—probing assumptions, surfacing uncertainty, and
steering  reflection—rather than as _directors. This
progression normalises professional practice: framing the
problem, making defensible methodological choices,
applying quality assurance/quality control (QA/QC), and
translating data into decisions.

B) Experimental Scenario and Task Context
Students act as consulting chemists advising a new mixed-
use development on the city outskirts. They evaluate the
suitability of several candidate water sources from. across
Hyderabad—such as Jodimetla, Singaram, Venkatapur,
Ghatkesar, and Uppal—for three distinct uses: potable
supply for residential units, make-up water for evaporative
cooling towers, and high-pressure boiler feed. The scenario
forces context-dependent analysis: a sample that is
acceptable for drinking may be unfit for thermal plant due to
scaling risk or chloride-driven corrosion. Teams therefore
benchmark measurements against relevant standards and
operational envelopes, justify treatment recommendations
(for example, softening, demineralisation, or blending), and
quantify trade-offs in cost, performance, and risk.

II1. RESULT AND DATA ANALYSIS

The engineering chemistry lab collected water samples from
five locations around Hyderabad—1Jodimetla, Singaram,
Venkatapur, Ghatkesar and Uppal-—and measured a suite of
physicochemical  parameters. Each  parameter has
recommended limits defined by the Bureau of Indian
Standards (BIS) and the World Health Organization. For
example, ideal drinking water should have a pH between 6.5
and 8.5, total dissolved solids (TDS) below 500 mg L', and
hardness under 200-300 mg/l. BIS guidelines prescribe
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maximum allowable values for common ions such as
chloride (250 mg L) and limit alkalinity to 200 mg/l as
CaCO:s. Understanding how our samples compare with these
standards helps evaluate potability and identify areas
needing treatment. The dataset contains 50 observations (10
Batches of students). Parameters recorded are:

Table 1 Water quality parameters analysed

Parameter Description

Total Hardness Measures calcium and magnesium salts. High values

(ppm) cause scaling and affect soap efficiency (WHO et al.,
2022)

TDS Sum of all dissolved ions; affects taste and
palatability. BIS recommends <500 mg/1

pH Indicates acidity/basicity; acceptable drinking water
range is 6.5-8.5

Chloride (mg/1) Excess chloride (>250 mg L") imparts salty taste

Alkalinity (mg/l Capacity of water to neutralise acids; BIS

as CaCOs) recommends <200 mg/1

Acidity (mg/l as Opposite of alkalinity; measures H* content.

CaCQ0s)

Conductivity Measures water’s ability to conduct electricity;
(S em™) correlated with TDS.

Student Groups (Alpha, Beta, Theta, Gama, Sigma and their “01”

counterparts) recorded measurements.

Figure 1 shows the mean TDS for each location. Jodimetla
(170 mg/1l) and Singaram/ Uppal (300 mg/1) fall well below
the 500 mg/l guideline, while Ghatkesar is at the guideline
(500 mg/l) and Venkatapur exceeds it (850 mg/1), indicating
potential palatability issues.
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Figure 1 Mean TDS across water samples

Total hardness follows a similar trend (Table 1). Venkatapur
and Uppal exhibit hardness values (400 ppm and 330 ppm,
respectively) above the recommended ceiling of 200-300
mg/l. Ghatkesar (180 ppm) and Jodimetla/Singaram (150
ppm) comply with guidelines. Chloride concentrations range
from 45 mg/l (Jodimetla) to 145 mg/l (Venkatapur), all

page -~ 22~




Gaurav Singh al. International Journal of Recent Research Aspects ISSN: 2349-7688, Vol. 12, Issue 3,
Sept. 2025, pp. 21-28

below the 250 mg/l limit. Alkalinity is elevated for
Ghatkesar (210 mg/l) and particularly Venkatapur (280
mg/l), surpassing the 200 mg/l limit, suggesting high
buffering capacity and potential taste issues. pH across all
samples ranges from 7.0 to 7.8, safely within the BIS
window (6.5-8.5).

Table 2 Summary of mean water quality parameters (units in mg/1

except pH and conductivity)

Total

hardnes TD p Chlorid Alkalinit Acidit Conductivit
Sample s S H e y y y (uS em™)
Jodimetla 150 170 7.5 45 120 5 270
Singaram 150 300 7.7 80 180 8 460
Uppal 330 320 7.1 95 165 7 480
Ghatkesar 180 500 72 110 210 10 750
Venkatapu 400 850 7.5 145 280 12 1270
r

The correlation heat-map Figure 2 highlights strong positive
correlations among TDS, chloride, alkalinity, acidity and
conductivity (coefficients >0.94). These findings are
expected: higher dissolved ions simultaneously eclevate
conductivity and other ionic metrics. Total hardness
correlates moderately with TDS and conductivity (r=0.74),
while pH exhibits weak negative correlations with most
parameters (—0.1 to —0.2), implying that acidity/alkalinity
variations are largely independent ofionic strength.
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Figure 2 Correlation matrix of water quality parameters

Figure 3 plots TDS against conductivity for each sample.
The strong linear clusters illustrate that conductivity is an
effective surrogate for TDS, with Venkatapur forming a
high-TDS/high-conductivity cluster and Jodimetla showing
the lowest values. The near-linear pattern supports using
conductivity sensors to estimate dissolved solids quickly in
the field.
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Figure 3 Relationship between TDS and conductivity across water samples

Although pH values lie within the permissible 6.5-8.5
window. Jodimetla and Singaram trend slightly alkaline
(7.7), whereas Uppal and Ghatkesar lean closer to neutral
(7.2). Such small variations could stem" from carbonate
buffering differences associated with each location’s
geological profile.

Normalized Water Quality Parameters per Sample Location
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Figure 4 Normalized water quality parameters across locations

The Venkatapur (Figure 4) presents the most pronounced
mineralization across the study area. When the mean values
for total hardness, total dissolved solids, chloride, alkalinity,
acidity and electrical conductivity are normalized,
Venkatapur consistently attains values near unity, indicating
that it contains the greatest ionic and dissolved—solid load
among the five sites. Interestingly, its pH remains near the
midpoint of the observed range, implying that the elevated
solute concentrations do not translate to marked acidification
or alkalization. At the opposite end of the spectrum lies
Jodimetla, which is characterized by a relatively high pH
coupled with minimal mineral content. The normalized plot
shows that Jodimetla exhibits the most alkaline condition of
the five locations, while contributing the lowest values for
hardness, chloride, alkalinity, acidity and conductivity.
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Chemically, this points to a soft, low-salinity water with a
dominant basic character. Such a profile suggests a different
hydrogeochemical regime—possibly flow through basaltic
or siliceous strata with limited interaction with soluble
evaporite minerals—and may have implications for water
treatment processes sensitive to alkalinity. The Singaram
occupies an intermediate position but trends toward salinity.
Its normalized total dissolved solids reach unity and its pH is
moderately high, while chloride, alkalinity, acidity and
conductivity fall within mid-range values. This indicates a
moderately saline water body that, while enriched in
dissolved solids relative to Jodimetla and Ghatkesar, is less
mineralized than Venkatapur.

Uppal displays a distinct combination of elevated hardness
and comparatively low pH. The normalized data reveal high
values for total hardness and moderate values for chloride
and alkalinity, juxtaposed against the lowest pH among the
sites. Such a composition reflects harder, more acidic water,
conditions that are often associated with scaling and
corrosive tendencies in distribution systems and plumbing.
Ghatkesar occupies a central position across the measured
parameters. Its normalized radar profile is fairly balanced,
with acidity and alkalinity in the upper mid-range and total
dissolved solids, chloride and conductivity around the
median. This suggests a moderate degree of mineralization
without extreme deviations in any single parameter.

IV. ANALYSIS OF THE PROJECT-BASED LEARNING
EXPERIENCE

The dataset compiled herein encapsulates more than just
numbers—it reflects the .learning journey of first-year
ECE-B students engaging in project-based enquiry. Each of
the ten student teams carried out replicate determinations of
key water-quality -parameters across five sampling sites,
providing a rich canvas for assessing both technical
performance and educational outcomes. From a statistical
perspective, intra-group consistency was high: when the
results are aggregated by location, the standard deviation of
each parameter across the ten teams remains small relative to
the mean, such as Jodimetla’s total hardness averaging
149.8 ppm with a standard deviation of only 4.9 ppm and its
TDS averaging 192.5 mg/l with a 12 mg/l spread, with
similar low variability observed for Ghatkesar, Singaram and
Venkatapur; this tight clustering suggests that the students
adhered closely to standard operating procedures, achieving
reproducible measurements despite working independently,
while modest variations of 3—6 % likely stem from normal
instrumental precision and the inherent complexity of
gravimetric and titrimetric assays. Comparing sites, the
collective results delineate clear hydrochemical gradients:
Venkatapur consistently exhibited the highest solute loads,
with mean values for total hardness, TDS, chloride,
alkalinity, acidity and conductivity topping the group and
minimal dispersion across teams, whereas Jodimetla
displayed the lowest mineralization and the highest pH, and
Singaram, Ghatkesar and Uppal occupied intermediate
positions; that students from all teams captured these
site-specific signatures reinforces the reliability of their
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methods and demonstrates an ability to interpret field
variability.

Pedagogically, this project underscores the power of
collaborative, hands-on experimentation—dividing the
cohort into small teams fostered accountability and peer
learning, while replicating the same analyses across groups
provided an internal quality-control mechanism and a basis
for statistical comparison; the act of collecting, normalizing
and visualizing the data, culminating in radar charts and
quantitative summaries, encouraged students to think like
chemists, interrogating their results for patterns and sources
of error, and future iterations could build on this by
introducing hypothesis testing or uncertainty analysis,
though the current dataset already evidences a successful
integration of laboratory technique, data analysis and
teamwork.

V. CHALLENGES AND RECOMMENDATIONS FOR
IMPLEMENTATION IN LARGE UNDERGRADUATE LABS

Implementing problem-based learning (PBL) in large,
foundational laboratory courses—such as the cohort in this
study offers clear pedagogical value but poses practical
challenges that require deliberate design and facilitation.
Resource constraints are common: limited pH and
conductivity -meters or analytical balances can create
bottlenecks and idle time. Assessment is also more complex
and harder to standardise than for conventional labs,
particularly when multiple graders are involved; maintaining
fairness across open-ended submissions demands careful
calibration. First-year students, often accustomed to tightly
structured tasks, may initially resist the ambiguity inherent to
ill-structured problems, while the shift in staff workload—
from demonstrator to active facilitator engaging multiple
teams—adds further pressure. These issues are tractable with
targeted strategies. A structured two-week scaffold is
recommended: a preparatory skills week builds competence
and confidence before students tackle the open-ended brief,
thereby reducing anxiety and improving performance.
Equipment pressure can be mitigated through station-based
scheduling or round-robin rotations—for example, half the
teams begin with titrimetric analyses (hardness, alkalinity,
chloride) that rely mainly on glassware while the others use
instrumentation (pH, conductivity), switching mid-session.
Rigorous, transparent rubrics should be shared from the
outset and assess not only data accuracy but also data
presentation (e.g., clear tabulation), depth of interpretation,
evidence-based recommendations, and professional quality
of writing. Team functioning should be intentionally
engineered via structured formation, role assignment, task
lists, and light-touch peer assessment to promote equitable
contribution and accountability. Finally, instructors and TAs
should be trained to facilitate rather than direct, using
Socratic prompts—such as “What standard will you
benchmark that value against?”, “What does high hardness
imply for this application?”, and “How confident are you in
that measurement, and why?”—to develop students’
independent problem-solving. When these measures are
adopted proactively, PBL can be delivered at scale in
undergraduate laboratories with high levels of engagement,
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equitable assessment, and robust learning outcomes despite
the typical constraints of large enrolments.

VI. CONCLUSION

This project-based learning intervention transformed a
traditional first-year engineering chemistry laboratory into a
holistic learning experience that bridges disciplinary
boundaries and emphasises critical analysis. By centring the
course on a comprehensive water-quality project, the module
integrated chemical fundamentals with an engineering
context and moved students beyond rote procedures to
genuine  problem-solving.  Students emerged  with
strengthened analytical proficiency and deeper conceptual
understanding: they not only mastered standard laboratory
techniques but also learned to interpret data against real-
world criteria and make informed recommendations suited to
each context. The collaborative, team-based format further
developed transferable skills such as communication,
teamwork, and self-directed problem-solving. Notably, the
consistency and depth of results achieved across independent
teams demonstrated that even novice students can deliver
professional-quality outcomes when given ownership of a
meaningful, context-rich task.

The positive educational outcomes of this PBL approach
have significant implications for engineering education. This
study illustrates that active, context-driven learning can be
successfully implemented at scale in early undergraduate
laboratories, provided that careful scaffolding and support
are in place. Key enablers of success included an initial
skills-building phase to boost students’ confidence, clear and
rigorous assessment rubrics aligned with the learning
objectives, and a shiftin instructor role from demonstrator to
facilitator. ~ Anticipating and  addressing = practical
challenges—such as limited equipment and variability in
team dynamics—was also essential. For example, station
rotations, structured team roles, and Socratic questioning by
instructors helped ensure equitable participation and steady
progress for all teams. Consequently, with these measures in
place, the PBL model delivered high student engagement,
equitable assessment, and robust learning outcomes even in a
large cohort.

Future iterations of the project could be enriched by
integrating  explicit hypothesis testing, quantitative
uncertainty analysis, or broader interdisciplinary elements to
further sharpen students’ critical thinking and data literacy.
Additionally, longitudinal studies tracking students beyond
the course would be valuable to determine the lasting impact
of early PBL exposure on their approach to complex
problems in later years. Overall, this work demonstrates that
reimagining introductory laboratories as project-driven,
authentic experiences can profoundly enhance engineering
education. By situating chemistry learning in a realistic
engineering context, the approach equips students with a
stronger conceptual foundation and versatile, transferable
skills that extend well beyond the chemistry laboratory.
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