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Abstract

While molecular additives are commonly used for the tuning of crystal growth and defect passivation in halide perovskite solar
cells, additive selection is often done based on peak efficiency or chemical intuition. In this paper, we seek to determine whether it
is possible to rank additive performance in inverted Csg.o5MAg.10FA0.85Pbl3 devices using the combination of mechanistic
analysis, population statistics, champion-cell retention, and trap density suppression via space charge limited current as an
objective index. Four molecular additives are analyzed against the raw reference: 3,5-difluoropyridine-2-carboxylic acid (DFCA),
5-hydroxy-2-methylbenzoic acid (HMBA), gallic acid (GA), and caffeic acid (CA). First, a reasoning gate is applied in order to
separate the meaningful additive recommendations from superficial pattern-matching. The photovoltaic reliability is calculated via
mean PCE, coefficient of variation (CVpcg), and champion-cell performance. A trap density correction is subsequently applied
based on the difference in defect density between the reference and additive-modified devices. Among those additives studied,
HMBA yields the strongest total score. It leads to the highest mean PCE (18.20 & 0.27%) and champion PCE (18.63%), smallest
coefficient of variation (1.48%), and lowest trap density (1.35 x 10'® — 1.03 x 10'® cm™3). The other additives show varied
performance, although DFCA also leads to an improvement in defect density. Both GA and CA reduce PCFE and increase the
coefficient of variation while failing the reliability requirement despite their multiplicity of polar functional groups.

Keywords: mized-cation perovskites, additive engineering, defect passivation, trap density, inverted solar cells, reproducibility,
reliability index

1 Introduction

Hybrid organic—inorganic halide perovskites have progressed from visible-light sensitizers into the most widely researched
absorber class in thin-film photovoltaics. Their rise was facilitated by high absorption efficiencies, long electron and hole
diffusion lengths, solution processability, and composition tunability without full reconfiguration of the device structure
[1-3]. Initial proof-of-concept studies of solid-state and sequential deposition schemes demonstrated the potential of the
perovskite film as an active material rather than a sensitizing dye. Subsequent work has also highlighted that efficient
charge extraction is achievable in polycrystalline perovskites. Halide perovskites are hence relevant to technological and
material innovation, where chemical synthesis, nanoscale structure, defect chemistry, and device design are inseparable
[4, 5].

Formamidinium-rich perovskites exhibit particularly sensitive behavior toward compositional and process optimization.
While pure FAPbI3 has an appropriate band gap, it is prone to phase instabilities during fabrication and device operation.
Mixed cations (methylammonium) and cesium ions provide stability of the black perovskite phase, moderate crystallization
kinetics, and better film uniformity [6, 7]. The chosen composition (Csg.05MAg.10FA¢.85Pbl3) reflects the need for a
practically applicable absorber whose small compositional changes will impact nucleation, grain growth, electrical disorder,
and charge extraction.
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The principal challenge for halide perovskite absorbers is not just obtaining an efficient cell, but obtaining a narrow
and reliable cell distribution. Grain-boundaries and interfaces of polycrystalline perovskite films host various kinds of
point defects. They include shallow donor and acceptor centers, but iodine-related defects and under-coordinated Pb
can produce deep traps leading to V¢ depression, decreased fill factor, and increased hysteretic responses [8-10]. Since
halide perovskites are soft ionic semiconductors, defects can couple to the ion migration process and local band bending
[11-13]. This makes the performance distribution dependent on the details of precursor composition, drying, and contact
deposition. An effective additive is thus required to reduce both average loss and scatter of the cell distribution.

Additive engineering is a straightforward approach to manipulating chemical and electronic properties of films. Func-
tional groups of an additive can coordinate with under-coordinated Pb, participate in acid-base reactions or hydrogen
bonding, and adjust steric accessibility of different sites in the film via aromatic moieties. Depending on the interac-
tion strengths, an additive can extend lifetime of the precursors in solution, create nuclei for crystallization, control
grain growth, and suppress disorder after annealing. All these effects can explain why a small molecule may increase
all key parameters of the perovskite solar cells simultaneously [14-16]. Interaction of an additive with the surface and
grain-boundary defects also plays a critical role in reducing recombination processes [17, 18].

An additive chemistry is not driven by a simple monotonic principle, however. Excessively polar compounds may
strongly bond with the active film, interfere with solubility and crystallization of the perovskite, and leave inert material
at grain boundaries. Compounds with relatively few functional groups will generate an optimal absorber if their interaction
is sufficient to eliminate defects, but insufficient to prevent crystallization and charge transport. This is particularly true
for aromatic carboxylic acids and hydroxylated aromatics, as acidity, hydrogen bonding, and aromatic rings combine.
The chosen additive set—DFCA, HMBA, GA, and CA—thus serves as an effective way to assess whether a compound
interacts with a perovskite precursor within the desirable range.

Comparing champion cells is a common way of reporting results in the field, but it is not adequate for addressing this
question. Even though a highest-efficiency cell is an indicator of a processing condition’s success, it does not indicate if
the process is stable. On the other hand, even a small gain in average performance can be meaningful if it is achieved with
minimal variability in device efficiency. Laboratory-scale perovskite photovoltaics thus require population statistics to
distinguish between good and bad results [19]. Materials and device information are therefore provided by cell statistics,
not just reported alongside it.

Recommendation systems also add complexity to the problem. Informatics approaches based on machine learning and
data-driven modeling can accelerate materials search via connecting known properties and descriptors to literature [20—
22]. Proper use of data infrastructure and descriptors is necessary even in automated materials screening workflows [23].
Natural language processing techniques and reasoning-oriented models are also actively applied to scientific tasks, as they
allow generating predictions for experiments from literature descriptions [24, 25]. Efficient parameter tuning and reasoning
prompt methods, in turn, make domain-specific material screening even more relevant, although its recommendations still
must be compared with experiment [26, 27]. A recommendation system, however, is useful only if its output is connected
to actual measurements. In perovskite photovoltaics, the credibility of a recommendation method is defined not only by
plausibility, but also by improving cell efficiency and trap density reduction.

The main research question formulated in this paper is therefore specific and clear: Can a reliability index gated
by mechanisms of interaction detect the additive with maximum beneficial impact on mean efficiency, reproducibility,
champion-device retention, and trap-density suppression? Instead of maximizing a single property of the perovskite solar
cells, this objective aims at finding the additive whose processing scheme produces more stable devices with reduced
defects. The answer to this question is given by a reliability index that relies on experimentally measurable quantities.

Three contributions make this study unique. First, additive selection is posed as a reliability-ranking problem, not a
peak-efficiency comparison. Second, numerical ranking is related to molecular interaction balance, illustrating why HMBA
and DFCA are favorable and GA and CA disruptive additives. Third, reproducible calculation protocol is outlined that
can be applied to an expanded additive library once descriptors like binding energy, dipole moments, acidity, steric volume,
and solubility become accessible.

2 Device Architecture and Additive-Selection Framework

The analysis considers five device groups prepared in an inverted mixed-cation perovskite architecture: an untreated
reference and four precursor-additive treatments. The absorber composition is Csg.05MAg.10FAg.85Pbls. The additive
set contains DFCA, HMBA, GA, and CA. These molecules represent different combinations of carboxylic acid function-
ality, aromatic structure, heteroatom placement, fluorination, hydroxyl substitution, and conjugation. This diversity is
important because it permits a comparison between balanced interaction strength and excessive multifunctionality.

Figure 1 defines the chemical context of the study. The schematic does not treat the additive as a generic passivating
agent. Instead, it shows that each molecule must be judged by how it interacts with under-coordinated lead centers,
grain-boundary disorder, and local crystallization pathways in the perovskite layer. The purpose of the reliability index
is to decide which molecule produces the most favorable device-level consequence of these microscopic interactions.
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Figure 1. Chemical setting for the reliability study. The four additives are positioned relative to a mixed-cation perovskite absorber to emphasize
that passivation, crystallization moderation, and grain-boundary interaction occur together rather than as independent events. The figure motivates
why additive evaluation must include photovoltaic statistics and trap-density evidence.

A preliminary reasoning gate was used because additive selection requires coordinated chemical and device-level inter-
pretation. For model m, the weighted reasoning reliability value was defined as

Ry = 0-20Aeasy + 0-30Amedium + 0-50Ahard7 (1)

where Aecasy, Amedium, and Aparq are the accuracies obtained for three classes of perovskite-related questions.

Eq. 1 is deliberately asymmetric. The hard-question term has the largest weight because the practical additive decision
is closer to a difficult mechanistic reasoning problem than to a factual recall problem. A molecule must be assessed in
terms of coordination chemistry, film formation, defect passivation, electronic loss, and reproducibility at the same time. A
model that performs well on easy questions but poorly on difficult ones should not dominate the additive recommendation.

3 Photovoltaic Population Reliability Metrics

For each additive condition 7, the mean-efficiency response relative to the untreated reference was calculated as

PCE;
PCEqy’

g = (2)

where PCEq denotes the mean efficiency of the untreated reference group. This ratio isolates the average gain or loss
caused by the additive. A value above unity means that the device population improved in mean efficiency; a value below
unity means that the additive reduced the average photovoltaic output.

The width of the device population was represented by the coefficient of variation,

OPCE,i
‘" PCE; ®)

Eq. 3 is important because the standard deviation alone is difficult to compare when the mean efficiency changes strongly
among treatments. Normalizing the spread by the mean PCE makes the value a relative reproducibility indicator. A
lower C'V; indicates a tighter fabrication response and a lower probability of producing weak cells.

The reproducibility factor was then assigned as

P = 1+ CVy°
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This transformation converts the coefficient of variation into a multiplicative penalty. Broad distributions receive a
smaller p;, while tightly grouped devices remain close to unity. The form is intentionally simple and monotonic so that
the statistical meaning of the correction remains clear.

Champion-cell retention was calculated using

h
_ PCE{™™P

=" 5)
ham (
PCES amp

Xi

The champion term prevents the index from rewarding a treatment that narrows the distribution only by suppressing
all devices to a lower performance level. A useful additive should maintain or improve the best cell while also raising the
average and reducing scatter.

The photovoltaic reliability term was obtained from

D; =niPiXi- (6)

Eq. 6 requires simultaneous success in three directions: the mean device must improve, the device set must become
more uniform, and the best device must not be sacrificed. This product form is stricter than a weighted sum because a
serious failure in one term directly suppresses the final photovoltaic reliability value.

4 Trap-Density Correction and Final Reliability Index

Trap-density information was incorporated because a photovoltaic improvement is more convincing when it is accompanied
by a reduction in electronically active defects. In space-charge-limited-current analysis, the trap density is commonly
related to the trap-filled-limit voltage through

2ereo VTFRL
Ny = 2z (7)

where ¢, is the relative dielectric constant, ¢g is the vacuum permittivity, Vppr, is the trap-filled-limit voltage, e is the
elementary charge, and L is the active-layer thickness.

Eq. 7 clarifies the physical meaning of the trap-density comparison. When thickness and dielectric assumptions are
held constant, a lower Vppp, corresponds to a lower estimated trap density. The value should still be interpreted as a
comparative device-quality indicator rather than as an isolated microscopic count, because SCLC analysis can be affected
by contact selectivity, mobile ions, and field distribution [28, 29]. Within a consistent set of samples, however, the relative
trend is useful for judging whether the additive suppresses trap-mediated recombination.

The relative trap-density suppression was defined as

ANp;=1— 52 (8)

where Ni g is the trap density of the untreated reference. Positive values of ANy ; indicate that the additive lowers the
trap density, while a zero value corresponds to no improvement relative to the reference.
The final defect-corrected reliability index was calculated as

Y, = (D,'(1+ANt,i). 9)

This final term rewards additives that combine photovoltaic improvement with electronic-defect suppression. It also
separates a true passivating additive from a molecule that gives a small efficiency increase without reducing the defect
population. The index therefore remains interpretable: @®; describes device-population reliability, while ¥; adds the
defect-quality gate.

5 Mechanistic Reasoning and Photovoltaic Response Screening

Table 1 summarizes the three-level reasoning accuracy and the weighted value obtained from Eq. 1. The domain-specialized
model has the highest reliability score, Ry, = 82.64, while GLM-4.5-Air follows with R,, = 74.34. The key separation
occurs in the hard-question category, where the leading model reaches 78.79%. This matters because the molecular-
additive problem requires simultaneous interpretation of binding, acid—base chemistry, crystallization, trap passivation,
and full-device response.
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Table 1. Reasoning performance used to screen the chemical recommendation step before photovoltaic ranking.

Model Easy (%) Medium (%) Hard (%) R,

DeepSeek-R1 47.95 41.76 39.39 41.81
Gemini-2.5-Pro 71.23 60.44 42.42 53.59
QwQ-32B 73.97 61.54 48.48 57.50
Phi-4-Reasoning 76.71 69.23 66.67 69.45
GLM-4.5-Air 79.45 73.63 72.73 74.34
Llama-3.3-70B-Instruct 82.19 81.32 54.55 68.11
Perovskite-R1 87.67 85.71 78.79 82.64

Table 1 is not used to claim that reasoning accuracy alone proves additive success. Rather, it defines a confidence filter.
A model can only guide molecular selection if it performs well on the most difficult class of perovskite questions. The
table therefore places chemical recommendation before, but not above, device-level evidence.
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where Aqasy, Amedium: @Nd Aparq are the accuracy scores (%) on easy,
medium, and hard question sets, respectively.

Figure 2. Weighted reasoning gate for additive recommendation. The figure compares easy, medium, and hard perovskite-question performance and

shows how the final Ry, value gives greatest influence to the hard category, where chemically coupled interpretation is required.

Figure 2 shows why the hard-question weight is necessary. The domain-specialized model separates most clearly from
the other models when the question requires mechanistic integration, not simple recognition. This supports the decision
to use the model output only as the first gate and to let the experimental statistics decide the final additive ranking.

The mean photovoltaic parameters are listed in Table 2. The untreated reference has Voo = 1.071 £ 0.014 V,
Jsc = 21.39 + 0.43 mA cm_z, FF =73.70 + 1.95%, and PCE = 17.38 +0.72%. DFCA and HMBA improve the average
response, reaching 18.12 4 0.28% and 18.20 & 0.27%, respectively. Their gains are not caused by a single parameter. Both
maintain high voltage, increase current density, preserve fill factor, and substantially reduce the spread of the device
group.

Table 2. Mean photovoltaic parameters of untreated and additive-treated inverted mixed-cation perovskite solar cells.

Sample Voc (V) Jsc (mA cm™2) FF (%) PCE (%)

Control 1.071 £ 0.014 21.39 +0.43 73.70 £1.95 17.38 £0.72
GA 0.951 + 0.024 19.82 + 0.67 56.50 & 3.76 8.76 + 1.20
CA 0.972 + 0.023 20.09 + 0.48 66.18 + 3.09 12.46 £+ 0.83
DFCA 1.087 £ 0.011 22.19 £ 0.17 75.00 £ 1.28 18.12 £ 0.28

HMBA 1.086 £ 0.006 22.41 +£0.14 74.89 £1.27  18.20 £ 0.27

Table 2 reveals two distinct additive classes. HMBA and DFCA shift the average device response upward while making
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the uncertainty interval narrower. GA and CA move the response downward and broaden it. The strong reduction in
FF for GA, from 73.70% in the reference to 56.50%, is especially important because it points to charge-extraction or
recombination losses rather than a purely optical limitation.
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Figure 3. Open-circuit-voltage comparison for the five device groups. HMBA and DFCA retain the voltage level of the reference devices, whereas GA

and CA show voltage loss consistent with increased non-radiative recombination or less favorable interfacial energetics.

Figure 3 indicates that the beneficial additives do not improve current by sacrificing voltage. DFCA gives the highest
mean Voo, and HMBA remains statistically close to it. In contrast, GA and CA lose approximately 0.12 and 0.10

V relative to the untreated reference, showing that their chemistry introduces or fails to suppress recombination-active
pathways.
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Figure 4. Short-circuit-current-density response after additive treatment. The higher Jgc values of HMBA and DFCA indicate improved charge

generation or collection, while GA and CA remain below the untreated reference.

Figure 4 gives the clearest evidence that HMBA and DFCA improve the absorber/contact combination rather than
merely altering the voltage. HMBA increases Jgc to 22.41 + 0.14 mA cm_2, the highest value in the set. The narrow
uncertainty also suggests that the current gain is repeatable across the measured population.
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Figure 5. Fill-factor response of the untreated and additive-treated cells. The strong loss for GA and the moderate loss for CA indicate transport or

recombination penalties, whereas HMBA and DFCA preserve the rectangularity of the current—voltage curve.
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Figure 5 separates chemically balanced additives from disruptive additives. HMBA and DFCA maintain fill factors
near 75%, while GA falls to 56.50%. Because fill factor is sensitive to recombination, series resistance, shunt pathways,
and extraction barriers, this result shows that excessive or poorly balanced additive interaction can damage operational
device quality even when the molecule contains passivating groups.
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Figure 6. Mean power-conversion efficiency of the five device groups. HMBA and DFCA provide moderate but reproducible gains over the untreated

reference, while GA and CA cause large efficiency penalties.

Figure 6 summarizes the average-output consequence of the preceding voltage, current, and fill-factor trends. HMBA
gives the highest mean efficiency, and DFCA is nearly equivalent. The small absolute gain should not be dismissed,
because it is accompanied by a much lower scatter. The efficiency loss for GA and CA confirms that a molecule can be
chemically plausible but practically unsuitable for this perovskite composition.

6 Device-Population Reliability and Defect-Corrected Ranking

Table 3 converts the average PCE, distribution width, and champion response into the photovoltaic reliability term @;.
HMBA gives the strongest photovoltaic-only value, ®; = 1.050, and DFCA follows closely with ®; = 1.042. The untreated
reference has ®; = 0.960 because the reproducibility term is below unity even before additive comparison. GA and CA
are sharply penalized because their lower efficiencies are accompanied by broader distributions.

Table 3. Derived efficiency and reproducibility quantities used to calculate the photovoltaic reliability term.

Sample Mean PCE gain (%) CVpcr (%) Pi [of

Control 0.00 4.14 0.960 0.960
GA -49.60 13.70 0.880 0.280
CA -28.31 6.66 0.938 0.495
DFCA 4.26 1.55 0.985 1.042
HMBA 4.72 1.48 0.985 1.050

The most important information in Table 3 is the simultaneous change in gain and scatter. HMBA raises the mean
PCE by 4.72% relative to the reference while lowering CVpcog from 4.14% to 1.48%. DFCA gives a 4.26% gain and lowers
CVpeg to 1.55%. These are reliability improvements, not only efficiency improvements. They imply that the additives
reduce sensitivity to small processing variations and promote more uniform absorber formation.
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Figure 7. Efficiency-gain and distribution-width map. The reliable region corresponds to positive mean PCE gain combined with low CVpcogp; HMBA
and DFCA occupy this region, whereas GA and CA combine negative gain with larger population scatter.



Leggett and Lee | 15

Figure 7 visualizes why average efficiency alone is insufficient. A candidate should be located above the no-gain line
and toward the low-variation side of the map. HMBA and DFCA satisfy both requirements. GA and CA fail both
requirements, demonstrating that their molecular functionality does not translate into a reliable device population.

The close photovoltaic-only values of HMBA and DFCA also show why a defect correction is necessary. If only @;
is considered, the two additives appear almost equivalent. That conclusion would be incomplete because it does not yet
ask whether the electronic trap landscape has been improved. The following trap-density analysis therefore determines
whether the slight photovoltaic advantage of HMBA is supported by a stronger physical defect signature.

The champion-cell parameters are given in Table 4. The untreated reference reaches 18.30% champion PCE. DFCA
improves the champion value to 18.58%, and HMBA gives the highest champion result, 18.63%. The absolute gain is
modest, but the difference becomes meaningful when read together with the mean data. A higher champion value with a
narrow distribution indicates a broadened processing window rather than a rare outlier.

Table 4. Photovoltaic parameters of the champion devices from each treatment group.

Sample Voc (V) Jsc (mA cm™2)  FF (%) PCE (%)

Control 1.097 21.92 76.15 18.30
GA 0.966 20.48 58.40 11.56
CA 0.971 20.45 67.82 13.47
DFCA 1.097 22.17 76.40 18.58
HMBA 1.087 22.27 76.93 18.63

Table 4 confirms that HMBA and DFCA do not obtain reliability by suppressing high-performing devices. Both
maintain champion performance above the untreated reference, with HMBA giving the strongest champion PCE and the
highest champion fill factor. GA and CA remain far below the reference even in their best cells, which means their poor
average response cannot be explained only by a few defective outliers.

Figure 8 supports the use of x; in Eq. 6. HMBA and DFCA display high champion values without a large gap from
their means. This is the desired pattern for additive engineering, because it indicates that the best device is representative
of the processing condition. The GA and CA groups show the opposite pattern: even their champions remain inefficient,
so their molecular interaction with the precursor environment is unfavorable under the examined conditions.

Trap-density parameters and final reliability values are shown in Table 5. The untreated reference has Ny = 1.35 x
10" ¢m™3. DFCA reduces this value to 1.26 x 10'° cnrfg7 corresponding to 6.67% trap suppression. HMBA produces
3, corresponding to 23.70% trap suppression. This difference changes the final
interpretation of the two beneficial additives.

a much larger reduction, 1.03 x 10" cm™
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Figure 8. Champion and mean efficiency comparison. HMBA and DFCA show small champion—-mean separations, indicating repeatable high

performance; GA and CA show low mean values and weak champion retention.

Table 5. Trap-density parameters and final defect-corrected reliability values.

Sample Vrrr (V) N (x10'% ecm™3) AN, (%) v,

Control 0.162 1.35 0.00 0.960
DFCA 0.151 1.26 6.67 1.112
HMBA 0.124 1.03 23.70 1.299
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Table 5 answers the question that ®@; could not answer alone. HMBA is not merely marginally better in efficiency
statistics; it also gives a much stronger reduction in trap density. The decrease in Vppp, from 0.162 V to 0.124 V is
consistent with fewer trap states being filled before the trap-filled-limit transition. This supports the interpretation that
HMBA improves electronic quality in addition to improving population-level efficiency.
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Figure 9. Trap-density response and defect-corrected reliability ranking. The lower trap density of HMBA gives a larger correction to ¥; than DFCA,
converting a small photovoltaic advantage into a clear defect-quality advantage.

Figure 9 shows the decisive separation between HMBA and DFCA. DFCA improves the device population, but HMBA
improves the population and the trap-density signature more strongly. The final ranking is therefore HMBA > DFCA >
untreated reference. This order is physically meaningful because it combines efficiency, reproducibility, champion retention,
and defect suppression.

7 Molecular Interaction Balance and Materials-Design Implications

Figure 10 places the four additives on a qualitative interaction-balance scale. The key message is that additive success
depends on balanced interaction strength. A molecule must bind or hydrogen-bond sufficiently to passivate defect sites,
but it must not interfere strongly enough to damage precursor assembly, grain growth, or charge extraction.

DFCA HMBA CA GA
[0} (o} (o]
| s OH OH ( OH OH
7
F ’i‘ CH,
OH

F HO HO OH

OH OH

low balanced excessive

Figure 10. Interaction-balance interpretation of the additive series. HMBA and DFCA fall in the balanced region where passivation and
crystallization control can coexist; GA and CA occupy the stronger-interaction side, where excessive multifunctionality may disturb film formation and

charge extraction.

The HMBA is clearly the additive with the best performance profile, because it has an appropriate carboxylic acid,
hydroxyl substituent, and methyl-substituted aromatic structure. The latter two allow the carboxyl group to interact with
lead-rich sites or ionic defects, while providing sufficient modulation of packing/stericity to prevent too dense interactions.
The consistency between higher average PCE, reduced C'Vpcg, good retention, and large trap-density reduction is clear.

The DFCA is quite different, but no less impressive. It has the appropriate polar and electronic functionalities, including
a pyridine nitrogen, carboxylic acid group, and fluorinated aromatic ring. The device statistics indicate that the chemistry
of the additive does not interfere with the preparation of the perovskite precursor layer. The smaller trap-density reduction
in comparison to HMBA indicates that DFCA contributes better to improved uniformity/performance than it does to
suppression of electronic traps.

The GA and CA illustrate the potential hazard of taking an additive evaluation based on its functional-group chemistry
too literally. They have a number of hydroxyls, along with a carboxylic acid, and a conjugated aromatic acid structure, re-
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spectively. Despite the seemingly promising chemistry, the results indicate that the molecule produces either insufficiently
weak interactions with the device or causes some other problems. The significant F/F' reduction for GA and large negative
mean PCE shifts for GA and CA both point to problems with the passivation, which are due to increased recombination
and transport barriers.

This method of analysis is effective since the optimal additive can be found based on several meaningful experimentally
derived parameters. Figure 11 provides a compact view of efficiency, uniformity, and trapping statistics for the considered
additives. This map is particularly useful for materials science because it allows differentiation between molecules that
are suitable for device fabrication and those that merely fit well from a purely chemical point of view.

Control DFCA HMBA CA GA

”’Ellll

Spread
} ;

Traps (XX X) eoe ° eecooe [LXYYYYYY X

Figure 11. Compact screening map linking average PCE, device-population spread, and trap-density evidence. HMBA and DFCA satisfy the
reliability requirements, whereas CA and GA are rejected because their efficiency loss and wider scatter dominate any nominal passivation advantage.

Figure 11 also clarifies the role of missing trap-density information for GA and CA. These additives already fail the
photovoltaic population criteria, so they do not require a positive defect correction to be rejected. In a larger additive
library, however, candidates with moderate photovoltaic response would need the same trap-density gate before being
accepted as reliable.
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Figure 12. Integrated quantitative summary of the additive response. The figure connects efficiency gain, CVpgg, champion retention, trap-density
evidence, and chemical interpretation, showing that HMBA is the only additive with the strongest positive response across all available gates.

Figure 12 prevents the conclusion from being reduced to a single score. HMBA leads because all available indicators
point in the same direction. DFCA remains a strong secondary candidate because its efficiency and reproducibility
response are favorable, even though its defect correction is smaller. GA and CA are excluded because their population
statistics are inconsistent with reliable absorber formation.

The material choice is summarized in Figure 13. The material with highest priority should be HMBA since it shows
the best performance among all of the materials examined. If reproducibility improvement and lower trap suppression
performance is important, then DFCA is the better choice. The reference material is more reliable than the other two
choices since GA and CA tend to increase error in their efficiency values. These rankings provide a direct answer to
the research question posed at the beginning. Yes, a gate reliability index allows differentiating the best additive more
efficiently than using peak efficiencies or functional group differences.

There are multiple applications of this approach that could be beneficial in further additive screening process. Firstly,
each additive must be ranked according to its statistical distribution of the output variable. Secondly, one must take
the defect density into account since they will help determine whether any increase in performance can be attributed
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to any change in electronics quality. Thirdly, molecular descriptors must be chosen to characterize interaction balance:
lead binding, acid-base properties, hydrogen-bond forming ability, polarity, steric effects, and compatibility with the
solvent-precursor combination. Thus, the approach can be extended to larger libraries.

= e HMBA DFCA Control CA GA

Evaluation criteria (1st) (2nd) (3rd) (4th) (5th)
1. Mean PCE gain/retention ° ° ° 0
2. Low PCE variation (CVpce) (V] (] [x) (<)
3. Champion retention

g e ] o () ()
4. Photovoltaic reliability

e o o ©o ©
5. Trap-density reduction

(AN ] o e -] e
6. Defect-corrected index

e ° ° o =

Defect-corrected

reliability index (¥;) 4:209 12 0060 e .

@ Good Partial © Poor @ Not available

Figure 13. Final decision matrix for the mechanism-gated reliability analysis. The matrix identifies which additives satisfy the mean-efficiency,
reproducibility, champion-retention, trap-density, and molecular-balance criteria, giving a final order of HMBA, DFCA, untreated reference, CA, and

GA.

The presented analysis also has its limitations. The results were obtained based on compact statistics and not from
raw current-voltage data, stabilized power output, intensity dependence, impedance spectroscopy or any aging test data.
Also, the trap density data is available for the reference sample, DFCA, and HMBA. As a result, the index is more suitable
for ranking the reliability of existing samples than creating a full degradation model. In order to expand the range of
possibilities, future analysis will have to include active area estimation, scan direction comparison, and maximum power
point tracking.

8 Conclusion

In this study, we considered the question of whether additive selection in inverted Csg.osMAg.10FAg.85Pbl3 perovskite
solar cells can benefit from the integration of mechanistic understanding, photovoltaic response at the population level,
champion-device selection, and trap density control. Our approach is positive on all counts. We designed an index
that distinguishes additives leading to improvement in the entire device population from those whose structure contains
potentially useful passivating groups, while also revealing that the optimal molecule is not the one with the most number
of functionalities, but one whose intermolecular interaction strength is well-balanced to facilitate improved crystallization
without interfering with charge transport. Of the four investigated additives, HMBA is found to be the most reliable
option since it maximizes the mean PCE at 18.20 £ 0.27%, yields the highest champion PCFE of 18.63%, results in the
most narrow CVpog = 1.48%, and causes the greatest reduction in trap densities from 1.35 X 10" to 1.03 x 10'® cm 3.
Therefore, it gives rise to the maximum defect-corrected reliability index, W; = 1.299. DFCA comes in second place,
as it achieves the increased mean PCE value of 18.12 4+ 0.28%, CVpcg of 1.55%, and also yields a positive defect
correction, though its impact on trap density is less pronounced. At the same time, GA and CA cannot be recommended
for this set of devices since they significantly lower the mean PCE: 8.76 + 1.20% and 12.46 + 0.83%, respectively, as
well as increase voltage drops and broaden efficiency distributions. These data reveal that even when using molecules
containing multiple hydroxyl groups and aromatic acid function, passivation effects can still be overshadowed by their
adverse impact on precursor chemistry or charge extraction. This makes the proposed reliability-index approach helpful
for materials screening because it maintains transparency of the ranking process, wherein each parameter corresponds to
a meaningful experimental characteristic, such as mean efficiency, efficiency dispersion, champion device retention, and
defect suppression. For additive discovery in the future, this method should be extended with molecular characterization
techniques, stability tests, and descriptors of performance.
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