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Abstract — The application of data analytical approaches to
understand long term stability trends of Organic Photovoltaics
(OPVs) is presented. Nearly 1900 OPV data points have been
catalogued and multivariate-analysis has been applied in order to
identify patterns, produce models that quantitatively compare
different internal and external stress factors and subsequently
enable predictions of OPV stability to be achieved. Analysis of the
weights associated with the acquired predictive model shows that
for light stability (ISOS-L) testing, the most significant factor for
increasing the time taken to reach 80% of the initial performance
(T80) is the substrate and top electrode selection and the best light
stability is achieved with a small molecule active layer. The weights
for damp-heat (ISOS-D) testing shows that the type of
encapsulation is the primary factor affecting the degradation to
T80. The use of data analytics and potentially machine learning
can provide researchers in this area new insights into degradation
patterns and emerging trends.

I. INTRODUCTION
Stability remains a critical issue for researchers and
industrialists in Organic Photovoltaics (OPVs) and Accelerated
Life Testing (ALT) is regularly used, for example, to identify
optimal material sets, predicting lifetime and providing relative
comparisons of product stability [1]. To be successful, OPVs
have to fulfil all three requirements of the ‘triangle’ – lifetime,
efficiency and cost – simultaneously, otherwise they will be
limited to a niche market.
OPV stability studies began in earnest towards the end of the
last decade and have steadily increased as a result of its
criticality upon the commercial potential of the technology and
have been extensively reviewed [2,3]. Given the vast amount of
data available on OPV stability, it might be possible to utilize
large datasets containing results achieved across the community
to better understand major patterns in OPV stability as well as
enable lifetime prediction. Such a study could also improve the
understanding of lifetime data as the conclusions of the
experiments have been conducted with varying types and levels
of stress factors including light, temperature and humidity. This
is important, as the induced defects are likely to be affected by
the inclusion of other stress factors and their ‘interactions’ [4].
We define ‘interaction’ as the relationship whereby the effect
that a stress factor (e.g. light, temperature, humidity) has on the
product is altered due to the presence of one or more other stress
factors [5]. As an added level of complexity, stability is known
to vary significantly dependent on material selection,

encapsulation strategy and number of thin film layers in a solar
cell 24].
We propose using data obtained from the literature to identify
the principle sources of degradation in solar cells when they
have been tested with a range of environmental conditions and
this data is used to identify stable material sets and device
architectures. Nearly 1900 different samples have been
catalogued for their structure and material composition with
lifetime and performance data simultaneously recorded. A
multivariate linear regression analysis (MLR) is employed in
order to model the data and has been used to identify the most
significant factors affecting the performance and lifetime of the
devices. This method allows for the best configurations and
combinations of attributes to maximize performance and
stability to be identified. The data set acquired and analysed in
this report contains 16 attributes with approximately 1900
instances. This leads to a dataset with a dimensionality of
approximately 30,000. The total number of combinations which
this dataset yields is vast and stands at ~972,000 combinations.
Given such a large number of potential combinations,
multivariate analysis of large datasets can be invaluable for
sourcing trends in data.
II. DATA ACQUISITION AND SCRUBBING
Data was obtained from two sources. Firstly, a data set was
obtained from the DTU who ran the “lifetime predictor” on the
Plastic photovoltaics website. Several parameters are included
within this data set to describe 1) the structure of the solar cell,
2) it’s performance and 3) the stability under a wide range of
test conditions. More recent data was extracted from
publications using ‘AutodocsearchTM, which is software that
can be used for automated searching and organization of PDF
documents. Only samples that had been tested in accordance
with the ‘ISOS consensus testing protocols’ were selected in
order to ensure consistency of the data [3]. In 2011, a
consortium of researchers developed recommendations for
standardized aging experiments which were known as the
‘ISOS protocols’. The vast majority of papers focus on using
ISOS-L or ISOS-D protocols (these account for > 96% of
reports), which report degradation under light or dark
conditions, respectively. Dark storage studies (ISOS-D)
provide information on the tolerance of OPVs to oxygen,
moisture and thermal stress and therefore induce different
failure mechanisms than those that occur during light soaking

(ISOS-L), which are related to photostability. Therefore, by
assessing the performance under ISOS-L and ISOS-D
separately, different degradation pathways can be investigated.
In total, 1858 papers were used for the study.
The procedure for the data analysis approach used in this
paper can be summarized by the OSEMN process: Obtain,
Scrub, Explore, Model, iNterpret [6]. “Obtain” and “Scrub”
refer to the process of acquiring and cleansing the data. The
“Obtain” stage is undertaken by acquiring data and ensuring it
is in a suitable format such as the CSV, which can be read by a
suitable database. To achieve this, lifetime metrics (discussed
later) and data attributes (see Table I) had to be acquired from
each paper. Attributes were chosen based upon previous
literature as these had been shown to affect the OPV stability
[6]. Scrubbing is performed in order to acquire a consistent
format throughout the dataset. Each attribute is grouped by the
categories listed in Table I. A schematic of the device
configuration used for this study is shown in FIG.1.
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FIG.1: Structure of OPV devices and modules highlighting the
categories defined for this work.
Attributes
Configuration
Encapsulation
ISOS compatibility
Substrate
First Electrode
First Transport Layer (TL1)

Active Layer
Second Transport Layer (TL2)
Second Electrode
Publication Year
Light Spectrum

Categories (Low to High
values)
Normal (L) | Inverted | Tandem
(H)
N/A | None | Flexible | Rigid
L,D-1 | L,D-2 | D-3
Glass | PET
ITO | Ag | Other Metal
None | PEDOT:PSS | Low Φ
Metal Oxide| High Φ Metal
Oxide
Polymer | Small Molecule
Inorganic| Small Molecule |
None
Al | Ag | Au
2019 - 2009
N/A | Metal halide lamp | Sun
| LED | Halogen lamp |

TABLE I: Attributes and categories used in the dataset.
For each attribute, the lifetime metrics are acquired from
all publications for consistent comparison against the attributes.
The lifetime metrics selected were:
 Initial efficiency (E0)
 Time to reach 80% of the initial efficiency (T80)
 Time to reach 80% efficiency after the ‘burn in’
process has stopped (TS80)

Finally, for analysis the data needed to be
‘summarized’ appropriately. This involves the categorization of
similar instances into a single group. For example, all metal
oxides are classed as ‘Low work function’ or ‘High work
function’ Metal oxides, rather than MoO3, V2O5 and ZnO etc.
individually. This stage is needed to minimize the complexity
of the data structure and, consequently, reduces the ‘overfitting’ of data. Over-fitting is where any model becomes
specialized to a particular set of data. The accuracy rate on this
data set tends towards 100%, but at the same time drops
dramatically on other data sets. By summarizing the data, with
reduced complexity, the statistical significance of prominent
trends can be identified and applied to the predictive MLR
model.
III. MULTIVARIATE LINEAR REGRESSION
A MLR model was made using a least square polynomial model
to express the lifetime metrics in terms of the stress factors or
environmental conditions. This was calculated by assuming this
model of the characteristic lifetime as shown in eq. 1 [8]
𝑦𝑖 = 𝑓0 + ∑𝑧𝑘=1 𝑓𝑘 𝑥𝑛𝑘 + 𝜀𝑛

(1)

where yi represents the response, f0 is a constant fitted
parameter, f1 to fk are the fitting parameters for the individual
coefficients, xnk represents the nth level of the kth predictor
variable and 𝜀𝑛 represents the standard variance error. Multiple
‘y’ observations (representing the E0, T80 and TS80) can be
expressed with the matrix in eq. 2.
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The matrix X is denoted as the design matrix containing
information about the level of the predictor variable. In order to
identify a regression line, the standard error must be accounted
for. The standard error of the estimate is a measure of the
accuracy of predictions and given in eq. 3.
∑(𝑌𝑟𝑒𝑎𝑙 −𝑌𝑒𝑠𝑡 )2

𝜎𝑒𝑠𝑡 = √

𝑁

,

(3)

where σest is the standard error of the estimate, Yreal is an actual
value and Yest is an estimated value. The numerator is the sum
of the squared differences between the reference values and the
predicted values. The method of least squares is employed in
MLR, whereby the coefficients in the matrix, shown in eq. (1)
can be estimated by finding values of the coefficients that
minimize the sum of the squared residuals [7].
In order to implement a MLR model, several criteria
must be fulfilled. For all instances of the independent variable,
the dependent variable should be normally distributed with
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FIG.3: (a) Predicted vs. reference regression fit for E0 ISOS-L using MLR and associated t-values for each attribute used in
MLR analysis. (b) Predicted vs. reference reg ression fit for T80 ISOS-L using MLR and associated t-values for each attribute
used in MLR analysis. (c) Predicted vs. reference regression fit for T S80 ISOS-L using MLR and associated t-values for each
attribute used in MLR analysis.

constant variance. In addition, the dependent variable and
independent variable should scale linearly and all observations
should be independent of one another (independence, linearity,
normality, homoscedasticity). The efficacy of these criteria can
be tested through residual analysis. If the criteria are fulfilled
and the model is valid, then the residuals should be normally
distributed with a mean of zero and a constant standard
deviation. MLR is applied to the data set described in section II
with the same attributes (factors) and responses in the MLR
analysis. The t-value can be utilised as a metric assessing the
significance of each factor in the prediction of either 𝑇80 , 𝑇𝑆80
or 𝐸0 . The t-value is defined as being,
𝑡=

𝑥̅ − 𝜇
𝑆𝐸

Where 𝑥̅ is the mean of the sample, 𝜇 is the mean of the
population and 𝑆𝐸 is the standard error. The higher the t-value,
the more significant the factor is in the prediction of the related
response.
IV. RESULTS AND DISCUSSION
The MLR technique has been applied to the accelerated lightdegradation
studies
(ISOS-L)
and
accelerated
temperature/humidity studies (ISOS-D) separately. The criteria
for verifying the validity of the MLR regression can be tested
by analysis of the residuals between the predicted models and
the reference data. Whilst regression data is not shown, the
independence criteria are satisfied well for the ISOS-D data and

the E0 and T80 from the ISOS-D data although, some minor
trends were observed in the T S80 data. The normality of the
residuals holds very well since the predicted residuals are
equally distributed above and below the 0-residual axis.
Furthermore, the homoscedasticity criteria are fulfilled very
well for the ISOS-D and the ISOS-L, E0 prediction, where the
residuals are uniformly distributed across the space. However,
for all T80 and Ts80 data a clearer trend can be observed.
However, if only the data with predicted lifetimes less than 45
days were considered, then all the criteria would be satisfied.
This can explain the inaccuracies observed when predicting
high T80 lifetimes. Finally, the linearity criteria are satisfied
from the linear correlation between the predicted and reference
values of the response parameters
FIG.3 shows the regression results obtained from
papers restricted to light-degradation studies only, showing
how the ‘Attributes’ affect the E0, T80 and TS80 values. In
FIG.3(a), the results of the predicted vs. reference for the E0
calculation is shown calculated from the ISOS-L data. The
desired feature of this plot is a fitted line with a slope close to
one and all points lying close to the fitted line, indicating a close
agreement between the regression model and the actual results.
The correlation between the predicted and actual values can be
represented by Pearson correlation (𝑅2 value). For all data, the
residual distribution plot can be found in the supplementary
information (SI) section S1. However, FIG.3(a) shows an 𝑅2
value of 0.427 for the prediction of E 0 using MLR. Given that
this data is sourced from multiple authors in different groups, it
is not surprising the ‘ideal’ case where the 𝑅2 value 1.0 is not
observed, but FIG.3(a) provides some confidence that
correlations can be found in the data set.
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FIG.4: (a) Predicted vs. reference regression fit for T 80 ISOS-D using MLR and associated t-values for each attribute used in
MLR analysis. (b) Predicted vs. reference regression fit for T S80 ISOS-D using MLR and associated t-values for each attribute
used in MLR analysis.

Using MLR analysis, the regression t-values can be
calculated from the individual regression coefficients of each
attribute, divided by the standard error. A positive t-value
indicates that the higher level of the attribute increases stability
and the lower level reduces stability (with respect to the low
and high values in Table I). Shown in FIG 3(a) are the t-values
for E0 obtained from the ISOS-L. The regression t-value
distribution indicates that the Encapsulation and Light spectrum
are the attributes which have the most significant, negative
impact on the E0 prediction whilst the most positive for
improving the E0 prediction is the Transport Layer (TL) 2.
In the case of Encapsulation and Light spectrum, the
results show that, publications with an undefined ‘N/A’
encapsulation and light spectrum give the highest efficiency as
these are the low levels for their respective attributes in Table
1. The reason for this is actually a secondary effect; these data
points correspond to small ‘cells’ rather than R2R
manufactured modules. Generally, modules are always
encapsulated, but they also tend to possess a lower efficiency
than cells [8-9].
Whilst the E0 data provides some insight, the focus of
the paper is on stability. FIG. 3 (b) shows the regression results
for T80 values obtained only with ISOS-L data with the
corresponding regression t-values shown in FIG 3 (b). The
residual distribution plot can be found in the SI (section S2).
FIG.3 (b) shows a good 𝑅2 value of 0.59 for the prediction of
T80 using MLR, showing a moderately better fit than the E0
data. The regression t-values also allow us to study trends in
OPV stability; the greater the t-value, the greater the impact this
value has upon increasing the T80 metric.

In rank order, this indicates that ‘Substrate’, ‘ISOS
compatibility’, ‘Electrode 2’, ‘Active layer’ and
‘Encapsulation’ type positively affects stability and that that
‘Transport Layer 2’, ‘Electrode 1’ and ‘Publication year’
negatively affect stability (in this rank order). Interestingly the
substrate type t-value suggests PET is more stable than glass,
as it shows a positive t-value. Module sized OPVs have been
shown to possess greater stability in comparison to cells [8-12]
and most modules are made on PET substrates (94% of
instances in this dataset), which accounts for the greater
stability. The data also suggest that gold electrodes are the most
stable and that testing with ISOS-L-2 gives more stable devices
than ISOS-L-1. The latter is peculiar as ISOS-L-2 is a more
severe test. However, from analysis of the dataset distribution,
49% of devices tested under ISOS-L-1 were encapsulated,
whereas 62% of devices tested under ISOS-L-2 were
encapsulated, indicating that the interaction of the two factors
is leading to greater predicted stability.
We have observed a contradictory pattern for T 80 and
TS80 in the t-value graph where ISOS compatibility shows a
positive effect for T80 and a negative effect on TS80. This may
be attributed to the fact that 65% of the dataset possess
P3HT:PCBM as the active layer. In P3HT:PCBM based OPVs,
an improvement in performance when annealed due to an
increase in carrier mobility and reduced trap density in the
active region [12]. In case of ISOS-L-2, the devices are aged at
a higher controlled temperature of 65/850C. Therefore, during
the ‘burn-in’ stage of the devices, the trap density within the
active layer reduces, leading to higher T80 times. However,
temperature in the long term can cause loss of conjugation in

polymers and can damage the contacts, which is reflected in the
t-value graph for Ts80 [13].
The data also indicates that overall for ‘Active layer,’
small molecules provide better stability than polymers, that
inorganic transport layers (i.e. low function metal oxides) are
more stable than other types of transport layers (TL1) and that
‘Publication year’ has an impact upon stability. Within our
dataset, there are reports indicating that small molecules have
very good stability to light soaking experiments due to their
excellent morphological and photochemical stability [14,15].
However, 9.8% of papers in the dataset use small molecule
active layers (in comparison to 88.9% polymer-based), so it is
possible that a small number of high stability reports affect the
conclusions. For the ‘Publication year,’ it appears that as time
progresses, groups are enhancing PV stability which is not
surprising as lessons are learnt from previous tests and thus
stability increases.
FIG.3 (c) shows the predicted vs. reference and
regression t-values regression analysis for TS80 ISOS-L data
which yields the worst 𝑅2 value of 0.348. Whilst TS80 often
quoted in OPV papers, it is possibly the most inaccurate to
calculate because it requires the researcher to define when
‘burn-in’ has stopped, which can be subjective. Overall, the
trends in the TS80 data follow the T80 data, although the ranking
does change. There is just one exception; ISOS-L-1 is shown to
produce better stability (as discussed earlier). For, TS80 the three
most important factors are the top electrode, the active layer and
the encapsulation. The increased significance of the active layer
for the TS80 prediction could be associated with the fact that TS80
is the time to reach 80% efficiency after the burn-in process.
This means that for TS80, the trapped charge states in the active
layer can now participate in charge extraction [13].
Interesting features can be observed when comparing
FIG.3 (a) and FIG.3 (c). There exists a change in parity for the
‘Electrode 1’; E0 displays a positive correlation with the choice
of Electrode 1 whilst TS80 displays a significant negative
correlation with the choice of this electrode. This means that in
order to optimize E0 and TS80, a compromise must be reached
which maximally satisfies both E0 and TS80.
FIG.4(a) and (b) display the regression analysis for
samples only subjected to temperature/humidity studies (based
on ISOS-D data) for T80 and TS80 respectively. The analysis
here is restricted to T80 and TS80 since analysis of E0 is not
relevant when considering ISOS-D degradation. Humidity has
been included in this analysis since many ISOS-D tests
investigate the performance and stability of OPV devices under
various humidity levels. FIG. 4 (a) displays a strong
correlation in the prediction with an 𝑅2 value of 0.589 for T80
prediction and an 𝑅2 value of 0.517 for the TS80 prediction.
There are two primary attributes that contribute
towards the ISOS-D T80 prediction: ‘Encapsulation’ and
‘Humidity’, which have a large positive and negative
correlation, respectively. This is fairly obvious; testing with
high humidity on non-encapsulated cells is obviously likely to
rapidly degrade solar cells. Most other attributes have a
negative impact on the T80 prediction except for ‘ISOScompatibility’ and ‘Substrate’ which show a small positive

correlation. From the analysis, the stability of polymer-based
OPVs is under greater stability thermal/humidity testing than
small molecules; within the dataset there are few reports of
highly stable small molecules under damp-heat conditions, in
contrast to the polymer-based OPVs.
The next most impactful attributes resulting in a
negative t-value (other than humidity and encapsulation) are
TL1 and the Electrode indicating that using ITO and metal
oxide provides the best stability. The regression analysis for
TS80 using the dark data displays very similar trends as observed
for T80, which shows the same contributing factors. The effect
of burn-in processes can also explain the differences between
the ISOS-L and ISOS-D T80 and TS80 t-values. It is noteworthy
that there is a change in parity when comparing the ISOS-L and
ISOS-D T80 and TS80 t-values. For ISOS-L testing, the use of a
small molecule active layer has a significant impact on
enhancing the stability whilst for ISOS-D testing, using a
polymer active layer improves the stability. This indicates that
small molecule based active layers have better light stability
and are better suited to higher irradiance condition. .

V. CONCLUSION
A multivariate approach has been applied to analyze and
understand the patterns and structure of a dataset containing
OPV performance and stability information. The multivariate
linear regression algorithm is adopted in order to analyze the
dataset, thereby allowing E0, T80 and TS80 to be predicted for
ISOS-L data and ISOS-D data. The quality of the regression fit
can be quantified by the 𝑅2 metric. The regression t-values are
also extracted which quantify how significant a particular
parameter is for the model predictions, thus, allowing the most
significant factors affecting the performance and stability to be
ascertained.
To conclude from the ISOS-L and ISOS-D data, a
number of general trends can be elucidated. For the ISOS-L
data, as a general observation it is clear that the choice of
spectrum plays a major influence on stability. Considering the
design of the solar cell and both the T80 and TS80 ISOS-L data,
the electrode selection appears to have the greatest influence on
stability and that the use of metallic noble front and rear
electrode yields the greatest stability. Active layer selection is
also a major factor and more so that the choice the selection of
first or second transport layer. Rigid encapsulation and glass
substrates yield the best stability so for flexible OPV design,
transferring the impermeable properties of glass to flexible
substrates is vital. Considering the design of the solar cell and
both the T80 and TS80 ISOS-D data, the major factor source of
variation in stability data is the encapsulation technique, which
is not surprising as this evaluates the tolerance of OPVs to
oxygen and moisture. In contrast to ISOS-L data, the data
indicates that the interface engineering has a more significant
role in device stability and that the transport layers. Both ISOSL and ISOS-D data show that as the publication year has an

influence on stability and as the progress in the field intensifies,
stability is continuously improved.
One of the limitations of the Multivariate Linear
Regression (MLR) approach is that we must group data into
categories. Additional factors such as whether the active layer
is planar or consists of a bulk-heterojunction, the composition
of the active layer and the deposition technique can be included.
However outliers of data can create significant noise in the
model. Machine Learning (ML) algorithms might prove a better
approach for analysing bigger datasets and can provide more
powerful insights into the optimum structure of the OPV and
produce more detailed predictions. ML algorithms allow for
greater flexibility in the type of data analysed by employing
more powerful regression techniques which subsequently allow
for better predictive models by “learning” the behaviour and
characteristics of the dataset. The application of ML and AI to
future work could prove invaluable in predicting the future
evolution of OPV devices, in particular for studying nuances
such as the impact of solution processing, acceptor types etc.
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