
B American Society for Mass Spectrometry, 2017 J. Am. Soc. Mass Spectrom. (2017) 28:655Y663
DOI: 10.1007/s13361-016-1569-8

FOCUS: EMERGING INVESTIGATORS: RESEARCH ARTICLE

Finding Biomass Degrading Enzymes Through
an Activity-Correlated Quantitative Proteomics
Platform (ACPP)

Hongyan Ma, Daniel G. Delafield, Zhe Wang, Jianlan You, Si Wu
Department of Chemistry and Biochemistry, University of Oklahoma, Norman, OK 73019, USA

Abstract. The microbial secretome, known as a pool of biomass (i.e., plant-based
materials) degrading enzymes, can be utilized to discover industrial enzyme candi-
dates for biofuel production. Proteomics approaches have been applied to discover
novel enzyme candidates through comparing protein expression profiles with en-
zyme activity of the whole secretome under different growth conditions. However, the
activity measurement of each enzyme candidate is needed for confident Bactive^
enzyme assignments, which remains to be elucidated. To address this challenge, we
have developed an Activity-Correlated Quantitative Proteomics Platform (ACPP) that
systematically correlates protein-level enzymatic activity patterns and protein elution
profiles using a label-free quantitative proteomics approach. The ACPP optimized a

high performance anion exchange separation for efficiently fractionating complex protein samples while preserv-
ing enzymatic activities. The detected enzymatic activity patterns in sequential fractions using microplate-based
assays were cross-correlated with protein elution profiles using a customized pattern-matching algorithm with a
correlation R-score. The ACPP has been successfully applied to the identification of two types of Bactive^
biomass-degrading enzymes (i.e., starch hydrolysis enzymes and cellulose hydrolysis enzymes) from
Aspergillus niger secretome in a multiplexed fashion. By determining protein elution profiles of 156 proteins in
A. niger secretome, we confidently identified the 1,4-α-glucosidase as the major Bactive^ starch hydrolysis
enzyme (R = 0.96) and the endoglucanase as the major Bactive^ cellulose hydrolysis enzyme (R = 0.97). The
results demonstrated that the ACPP facilitated the discovery of bioactive enzymes from complex protein samples
in a high-throughput, multiplexing, and untargeted fashion.
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Introduction

Bioethanol has been and is being sought as an alternative
energy source due to its sustainability and renewability

compared with traditional fuels. A key step in the development
of bioethanol is the bioconversion of plant biomass (e.g., starch
and celluloses) into fermentable sugars such as glucose. Cur-
rent bioconversion technologies rely on extracellular glycosyl
hydrolases (GHs) in the fungal secretome (e.g., fungal cellu-
lases that break celluloses into glucose), which do not function
effectively under the conditions required for enzymatic

hydrolysis at an industrial scale. On the other hand, thousands
of proteins have been predicted with GH activities based on
their genome sequences, many of which have the potential to
efficiently degrade biomass [1]. As of September 2013, around
160,000 GH family sequences have been predicted in the
CAZy database. However, only 6% of the predicted CAZymes
were biochemically characterized [2]. Therefore, there is a
tremendous potential to screen novel and highly active biomass
degrading enzymes in known industrial model fungal species
(e.g., Aspergillus, Trichoderma, and Fusarium) and unknown
fungal species.

Various approaches have been developed for discovering
biomass-degrading enzymes in fungi. A general screening
method is based on targeted gene overexpression in host cells
(e.g., Escherichia coli or yeast). The overexpressed enzyme
candidate is purified through several stages of liquid chroma-
tography separations for further characterization and enzymatic
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activity analysis [3–5]. This approach can be readily incorpo-
rated into protein structure analysis and provide insights in
protein activities. However, this method is relatively low
throughput because it only allows one protein to be analyzed
per screening. On the other hand, fast protein liquid chromatog-
raphy (FPLC) approaches have been applied to purify Bactive^
enzymes from fungal secretome through substantial fraction-
ations. For example, with nine different FPLC separations as
well as activitymeasurements on all collected fractions, Olsson’s
group successfully purified five cellulases from Penicillium
brasilianum against different hydrolysis substrates (microcrys-
talline cellulose, carboxymethyl cellulose, galactomannan, and
xylan) [6]. This method is very labor-intensive and low through-
put, which often requires large amounts of starting materials.

Mass spectrometry (MS)-based proteomics is a core tech-
nique for high-throughput protein characterization in complex
samples. Proteomics approaches have been applied to discover
novel biomass degrading enzymes in the fungal secretome. For
example, the Sze group has applied an isobaric tags for relative
and absolute quantitation (iTRAQ)-based quantitative proteo-
mics approach for analyzing the expression levels of putative
GH enzymes under different growth conditions, providing key
insights on designing the enzyme mixture for optimal biomass
hydrolysis [7]. However, the enzyme candidates were identi-
fied through comparing their expression levels with the whole
secretome enzymatic activity. Therefore, it may not provide
sufficient resolution of enzyme mixtures because the expres-
sion level of each enzyme cannot be correlated to its own
activity. Recently, the activity-based protein profiling (ABPP)
approach has been adopted to profile the biomass degrading
enzymes in the fungal secretome [8–10]. It utilized the activity-
based probes (ABPs) to covalently label and affinity-purify the
GHs from fungal secretome for proteomics screening. The
ABPP approach has been applied to detect active biomass
degrading enzymes in different microbial organisms. Current-
ly, this method is limited by the probe availability. In addition,
the optimization of GH-ABPs is required to increase the en-
zyme selectivity. Therefore, there is a critical need to develop a
high-throughput untargeted proteomics approach to directly
correlate the protein-level enzymatic activity.

In this study, we developed an activity-correlated quantita-
tive proteomics platform (ACPP) that cross-correlates the
protein-level enzymatic activity pattern and the protein elution
profiles in a high throughput and untargeted fashion. The
ACPP began with a high performance anion exchange separa-
tion for efficiently fractionating complex protein samples while
preserving enzymatic activities. We then optimized the
microplate-based enzymatic activity assays using small volume
aliquots (e.g., 5–100 μL), which is capable of multiple enzyme
activity characterizations. The fractions were also analyzed by
means of LC-MS/MS. The elution profiles of all identified
proteins were generated using peptide counting, a simple and
robust, label-free quantitative approach that also correlates with
the enzymatic activities [11]. The detected enzymatic activity
patterns in sequential fractions were cross-correlated with the
proteome elution profiles of the detected proteins using a
customized pattern-matching algorithm with a correlation R-

score range from +1 to –1. Because the enzyme concentrations
are proportional to their activities, the theoretical correlation
between enzyme elution profile and its activity pattern should
have a Bperfect^ R-score of 1. This platform has been success-
fully applied to the identification of Bactive^ biomass
degrading enzymes from the Aspergillus niger secretome, dem-
onstrating that the ACPP is a powerful untargeted approach for
hunting unknown bioactive enzymes through the cross-
correlation of activity pattern and protein elution pattern in a
high-throughput fashion.

Materials and Methods
Cultivation of A. niger and Secretome Extraction

Chemicals were purchased from Sigma-Aldrich (Milwaukee,
WI, USA) unless otherwise noted. A. niger (ATCC11414) was
reserved on a PDA plate, which is widely used for fungal
growth. The cultivation was performed as described previously
[12]. After 24 h of growth, the supernatant was collected by
filtering the culture through two layers of sterile miracloth, and
the filtered culture medium was then centrifuged at 15,000 g
and 4 °C for 10 min to remove the remaining cell debris. The
collected secretome was further filtered through a 0.2 μm filter
before being concentrated to 20 mL in a stirred cell at 4 °C
(Millipore, Billerica, MA, USA) with a 3 kDa ultrafiltration
membrane. Two additional buffer exchange steps with Milli-Q
water (i.e., from 250 to 20 mL) were applied in the same stirred
cell. The remaining secretomes were further concentrated
down to 3–5 mL using a centrifugal ultrafiltration with 3 kDa
cut-off (Millipore). The prepared secretome was stored at –20
°C until fractionation.

Anion Exchange LC Separation and Fractionation

The LC separation and fractionation were performed at 4 °C
using an AKTA pure protein purification system (GE, Pitts-
burgh, PA, USA) with a high performance mono-Q column
(4.6 × 100 mm; GE). All the samples were exchanged to buffer
A (20 mM Tris, pH = 8.0) before separation. Gradient elution
(flow rate 0.5 mL/min) was performed from 0–100% buffer B
(20 mM Tris, 1 M NaCl, pH = 8.0) in minutes. Fractions
(0.83 mL per fraction for the spiked-in sample, 1 mL per
fraction for the A. niger secretome, and 1.66 mL per fraction
for A. niger cellulose and cellubiose activity assays) were
collected every 2 min for further activity assays and proteomics
studies. Three aliquots were taken from each fraction: (1) one
for the biomass hydrolysis activity assay (i.e., 5–100 μL), (2)
one for the cellulose hydrolysis activity assay (i.e., 20–100 μL),
and (3) one for digestion by trypsin and LC/MS/MS based
bottom-up proteomic characterization (i.e., 100–200 μL). The
remaining fractions were stored at –20 °C.

Microplate-Based Enzymatic Activity Assays

A two-step 96-well microplate-based enzymatic assay ap-
proach (e.g., substrate hydrolysis and glucose detection) was
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developed based on the traditional assay method [13, 14] for
higher throughput and lower sample consumption. First, a
small aliquot of each fraction (5–100 μL) was mixed with 5%
(w/v) cellulose, cellubiose, or starch substrates at the ratio of
1:4. The mixture was incubated for 2 h at 37 °C and 900 rpm
for substrate hydrolysis. The hydrolysis reaction was quenched
on ice for 10 min. The supernatant was collected after centri-
fugation at 13000g, 4 °C, 30 min. The released glucose con-
centrations in reaction supernatants were measured using the
glucose assay reagent (Sigma-Aldrich). Briefly, the supernatant
of reaction mixtures (i.e., 20 μL) and glucose working reagent
were mixed at the ratio of 1:5 in a 96-well plate. After incuba-
tion at 25 °C for 30 min, the absorbance of the reaction mixture
was measured at 340 nm. The activities of fractions were
represented by the detected glucose concentration.

LC-MS/MS Analysis

A set of fraction aliquots (i.e., 100–200 μL) was subjected to
in-solution trypsin digestion following previously published
protocol [15]. Peptide samples were desalted, dried via
SpeedVac, and resuspended in water; 1/5 of the digested sample
was injected on a custom-packed C18 RPLC column (75 um
i.d., 150 mm length, 2 μm C18 resin) using a Waters (Milford,
MA, USA) nano-Acquity UPLC system. A 100-min gradient
from 8% buffer A (0.1% formic acid in water) to 35% buffer B
(0.1% formic acid in acetonitrile) was applied for peptide sepa-
ration. The eluent was analyzed on-line using a LTQ Orbitrap
Velos Pro mass spectrometer (Thermo Fisher Scientific, Hano-
ver Park, IL, USA) with a custom nano-ESI interface. The
heated capillary temperature was set to 300 °C with a spray
voltage of 2.4 kV. Full MS spectra were acquired at a resolution
of 30000 (m/z range between 350 and 2000). Low resolution
collisional induced dissociation (CID) MS/MS with a normal-
ized collision energy setting of 35% was performed in the data-
dependent mode using the ten most abundant parent ions.

Peptide and Protein Identification

Peptides were identified using MSGF+ to search the mass
spectra from LC-MS/MS analysis against the annotated
A. niger database and its decoy database [16]. Peptide identifi-
cations were filtered using an MS-GF cut-off value of 1E−10
(i.e., the calculated FDR <1% at the unique peptide level.
Spectral count was used for label free quantitation, and the
normalized quantitation of same protein in different fractions
was plotted against the fraction number to obtain the protein
elution profile.

Cross-Correlation of Protein Profiles and Activity
Pattern

Using the home-written Pearson correlation based bioinformat-
ics tool with MATLAB (available upon request), the protein
LC elution pattern for each protein was correlated with its
measured activity pattern. The correlation efficiency was eval-
uated by the R-score, from –1 to 1. In addition, the protein

elution profiles were filtered based on its peak quality (i.e., the
total identified peptide number for the most abundant elution
fraction was larger than 10 for distinguish a good elution
profile from random noises). For each set of data, the match
significance was estimated based on the correlations between
every two random elution profiles. The putatively identified
proteins were manually interpreted to confidently identify the
active enzyme from complicated protein mixture.

Results and Discussion
ACPP Development and Proof-of-Concept

The overall ACPP strategy is demonstrated in Figure 1. In
general, the ACPP strategy is composed of four steps: (1)
HPLC fractionation for efficiently fractionating complex pro-
tein samples while preserving enzymatic activities; (2) enzy-
matic activity pattern determination using microplate based
bioactivity assays, (3) protein elution profile generation using
quantitative proteome analysis, and (4) correlations between
enzymatic activity patterns and proteome elution profiles of the
detected proteins. As a proof-of-principle, we examined the
commercially available standard starch hydrolysis enzyme 1,4-
α-glucosidase (AAG) from A. niger. We evaluated the perfor-
mance and reproducibility for each steps.

HPLC Fractionation The ACPP depends on a high-
resolution and reproducible LC separation that can preserve
enzyme function and activities. Several formats of LC separa-
tion have been applied in enzyme purification, including size
exclusion chromatography and ion exchange chromatography
[17]. Here we applied a high performance anion exchange LC
separation using a GE (Pittsburgh, PA, USA) Mono Q column
for protein fractionation. The UV traces of four replicated
standard AAG analyses nicely overlapped (Supplementary
Figure 1), demonstrating the good reproducibility of the select-
ed column. Three baseline-separated peaks were detected, and
the proteomics results confirmed that all these peaks are protein
isoforms of AAG.We also evaluated the separation of complex
protein samples such as the AAG spiked E. coli cell lysate
(Figure 2). The separation performance of the spiked-in E coli
sample was evaluated using SDS-PAGE and proteomics re-
sults. The results confirmed that the anion exchange chroma-
tography using the GEMonoQ column can efficiently separate
and fractionate complex protein samples in ACPP. The follow-
ing bioactivity assays on the collected fractions further con-
firmed that the selected anion exchange chromatography can
preserve enzyme function and activities.

Bioactivity Assay Two biomass substrates were selected in this
study: starch and cellulose. Starch is a linear polymer of glucose
mainly linked with (1→4) bonds, and cellulose is a polymer with
repeated beta-linked glucose units (Figure 3) [18]. The starch
hydrolysis enzymes such as AAG convert starch into glucose,
whereas cellulase catalyzes the decomposition of cellulose into
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glucose. Here we developed a two-step biomass
degrading enzyme activity assay: (1) enzymatic hydroly-
sis reaction; (2) glucose assay. An aliquot of the frac-
tions (i.e., 5–100 μL) was incubated with the substrate
solution under optimized pH and temperature conditions
to ensure the completion of hydrolysis. The supernatants
of the reaction solution (~20 μL) in each fraction were

transferred into a 96-well microplate for high throughput
microscale glucose assay. A commercial glucose assay
kit (Sigma-Aldrich) was applied, and a microscale assay
protocol was developed based on manufacturer’s instruc-
tions. For each analysis, a standard glucose calibration
curve was plotted for glucose concentration calculation
and enzymatic activity calculation. We evaluated the
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Figure 1. Schematic representation of the ACPP workflow
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Figure 2. Protein elution profiling of ACPP on the E coli. cell lysatewith the spiked-in standard AAG. (a) The UV chromatogram from
themono Q based LC separation; (b) hierarchical clustering of protein elution profiles on the basis of their similarities; (c) SDS PAGE
gel image of collected LC separation fractions
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quantification performance, sensitivity, linear range, and
reproducibility of the proposed activity assay using the
serial dilution of standard starch hydrolysis enzyme AAG
proteins (Supplementary Figure 2A). We further applied
our developed activity assay on the LC separation of the
E. coli cell lysate with the spiked-in standard AAG (i.e.,
150 μg AAG in 1.85 mg cell lysate). The assay was
performed using 5 μL of each fraction (i.e., 1/200 of
each fraction), and a reproducible activity peak was
observed for the major AAG isoform (Supplementary
Figure 2B). The results also supported our hypothesis
that the anion exchange chromatography can preserve
the biomass degrading enzyme activities. Overall, we
confirmed that our high-throughput microplate-based
assay is sensitive and reproducible, which is suitable
for generating quantitative enzymatic activity patterns in
ACPP.

Proteome Elution Profiling An LC-MS/MS analysis was
applied to each fraction for protein and peptide identifi-
cations. To generate the protein elution profiles, we used
a peptide counting-based, label-free quantitation
approach. Peptide counting has been applied to charac-
terize commercial cellulase cocktails, demonstrating good
correlations with enzyme activities [11]. For the E. coli
lysate with the spiked-in AAG, we performed the
LC-MS/MS analysis for fractions 23 to 41 (i.e., the
fractions with starch activity, Supplementary Material).
We acquired quantitative protein elution profiles for

934 proteins from these fractions, and the results are
presented as a heat map after hierarchical clustering
(Figure 3). We also compared the protein elution profiles
with the SDS-PAGE gel separation. The AAG were
barely observed on the gel. Since the mono-Q anion
exchange LC provides a complimentary protein-level
separation for peptide level LC-MS/MS analysis, the
ACPP is capable of detecting and profiling low abundant
active enzymes.

Correlations Between Activity Patterns and Protein Elution
Profiles In ACPP, bioactive enzymes were detected
through the correlations between the activity patterns
and protein elution profiles. The detected enzymatic ac-
tivity patterns in sequential fractions were cross-correlated
with the label-free quantitative proteome results using a
customized pattern-matching algorithm with a correlation
R-score range from +1 to –1; because the enzyme con-
centrations are proportional to their activities, the theoret-
ical correlation between enzyme elution profile and its
activity pattern should have a Bperfect^ R-score of 1.
The correlations between co-eluted proteins can also give
relatively high R-scores. However, because the proteins
have different pI values, with high performance LC sep-
aration, the chance of randomly co-eluted proteins with
Bperfect^ overlapped profiles (i.e., R = 1) should be
relatively low. Therefore, R-scores can provide good ev-
idence for finding unknown Bactive^ proteins. As a proof-
of-principle, we plotted the R-scores between the activity

Endoglucanase

Cellulose Cellubiose

β-glucosidase

Glucose

Starch Glucose

(a)

1,4-α-glucosidase

(b)

Figure 3. Two biomass hydrolysis reactions are catalyzed by different enzymes. (a) 1, 4-α-Glucosidase (AAG) is a typical enzyme
that can directly convert starch into glucose; (b) cellulose is converted into glucose in a two-step reaction, and the endo-cellulase
(i.e., endoglucanase) activity can be measured in the presence of β-glucosidase
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patterns and protein elution profiles for the AAG spiked-
in experiment (Figure 4b).

We evaluated the match significance of the R-scores
through plotting the histogram counts of the correlation
scores between any two of the detected protein elution pro-
files and the correlation scores between the activity patterns
and protein elution profiles (Supplementary Figure 3). Our
hypothesis is that the majority of the correlations between
eluted proteins are random, which can be applied for the false
discovery estimation. We calculated the Z-scores for each
correlation, and the Z-score of 3 was chosen as our first
cutoff to reduce random correlation. The correlation R-score
cutoff value was 0.4 with Z-scores larger than 3. Still we
noticed many randomly correlated proteins after Z-score cut-
off. We manually evaluated all of the hits with Z-scores
larger than 3, and selected R = 0.95 to ensure good correla-
tions and low false discovery rates. For E. coli spiked-in
sample, we noticed that only three proteins have R-scores
larger than 0.95 with the total peptide count cutoff of 10 (i.e.,
distinguish from noise peaks), while only four proteins have
R-score larger than 0.7. The elution profile of AAG protein
correlates the best with the detected activities (R = 0.98,

Figure 4a). Overall, the correlation R-scores can be utilized
to confidently assign the active protein candidates through
quantifying the correlation between activity patterns and pro-
tein elution profiles. However, the basis hypothesis of the Z-
score approach is that the correlation scores are normally
distributed. We noticed that the actual distribution was slight-
ly off from the normal distribution curve, which may be
related to low distinguishing power with relatively low frac-
tion numbers (Supplementary Figure 3). Therefore, our Z-
score estimation should be improved by optimizing the frac-
tionation schemes, including two separated distributions for
partially co-eluted proteins and non-co-eluted proteins, as
well as incorporating manual validations.

ACPP for Detecting Biomass Degrading Enzymes
from A. niger Secretome

After validating the ACPP method, we then applied the ACPP
to lab-cultured fungal secretome to identify the biomass hydro-
lysis enzymes from A. niger. Two biomass substrates were
selected in this study: starch and cellulose. We demonstrated
that ACPP can be applied to detect both starch hydrolysis
enzyme and cellulose hydrolysis enzyme in a multiplexed
fashion with the same set of proteomics data. We measured
activities for both enzymes (Figure 5a), and our results clearly
demonstrated that these two enzymes have different elution
patterns.

For the starch hydrolysis enzyme, we observed a single
Gaussian distributed peak from fraction 27 to 34 with a
peak center at fraction 30 (Figure 5b). The corresponding
fractions were applied for protein identifications and quan-
tifications. In total, 156 proteins were identified from these
eight fractions. The ACPP correlated all protein elution
profiles against the measured starch hydrolysis enzyme
activity pattern. The calculated R-score cutoff 0.95 was
selected to ensure the match significance and only two
proteins have R-score higher than 0.95. The best-
correlated protein, with R-score equal to 0.96 (Figure 5b),
was confirmed as 1, 4-α-glucosidase (AAG) protein (GH
15, EC 3.2.1.3), which is a classic starch hydrolysis en-
zyme [19]. We further manually went through all the
detected GH proteins predicted by CAZY database, and
confirmed a total of 25 proteins as GH proteins. Four
GH proteins with R-scores higher than 0.80 were listed in
Table 1, including GH15 (i.e., AAG), GH36, GH32, and
GH18 proteins. The predicted substrate for the detected
GH36 protein is glycolipids, and the GH32 protein was
reported as an inulinase. The GH18 protein was a hypo-
thetical protein with unknown substrates. We ran BLASTp
of its sequence against the NCBI database [20], and it did
not show any sequences homologous with known starch
degrading enzymes. In addition, the R-score of this GH18
protein is only 0.87, which indicates that it does not have
good correlation with our detected enzyme activity pattern.
Our results indicated that our method is powerful enough
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Figure 4. The ACPP on starch hydrolysis enzyme characteriza-
tion from the E coli. cell lysate with the spiked-in standard AAG.
(a) The overlaps between the measured starch hydrolysis activ-
ities and the AAG protein elution profiles; (b) correlations be-
tween detected activity pattern and the filtered elution profiles
from all the identified proteins (total peptide count cutoff of 10)

660 H. Ma et al.: Activity-Correlated Quantitative Proteomics (ACPP)



to identify the bioactive enzymes from real biological
samples.

Further cellulase screening towards the A. niger secretome
showed a nice Gaussian-distributed peak centered at fraction
31 (Figure 5c). The calculated R-score cutoff 0.95 was
selected to ensure the match significance and only one
protein has R-score higher than 0.95, which is endoglucanase
(GH5). It is known that two kinds of enzymes are
necessary—endoglucanase and β-glucosidase—to convert
cellulose to glucose (Figure 3b), and endoglucanase by itself
can only convert cellulose to cellubiose [21]. Our results
indicated either the two enzymes were co-eluted under our
LC separation conditions or it represented a novel cellulase
that can directly hydrolyze cellulose to glucose. We manually
evaluated our results, and the protein with second highest
R-score (R = 0.9) is β-glucosidase, which can convert
cellubiose to glucose. Because of the presence of co-eluted
β-glucosidase, our glucose assay was successfully matched

against the endoglucanase activity. We further confirmed that
β-glucosidase cannot convert cellulose into glucose using
standard proteins (Supplementary Figure 4). Therefore,
endoglucanase should present the best correlation under
ACPP. To confirm that these two proteins are co-eluted, we
performed three sets of activity assays on three separated
aliquots of HPLC fractions (i.e., 5–100 μL) incubated with
different substrate solutions (Figure 6): (1) cellulose and
standard β-glucosidase; (2) cellubiose; (3) cellulose. The first
set provided the endoglucanase elution profile, the second set
provided β -glucosidase elution profile, and the third set
evaluates if endoglucanase and β-glucosidase are co-eluted
(i.e., if they are not co-eluted, no glucose signal should be
detected). Our results indicated that our method is powerful
to identify the bioactive enzymes from real biological
samples in an untargeted and multiplexed fashion. Moreover,
it holds the potential for the analysis of co-eluted protein
complexes.
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Figure 5. The ACPP on detecting biomass degrading enzymes from A. niger secretome. (a) the UV chromatogram from the LC
separation; (b) the overlaps between the measured starch hydrolysis activities and the best matched protein elution profile 1, 4-α-
glucosidase (AAG); (c) the overlaps between themeasured cellulose hydrolysis activities and the bestmatched protein elution profile
(endoglucanase, GH5); (d) the overlaps between the measured starch hydrolysis activities and the protein elution profile of β-
glucosidase

Table 1. ACPP Correlated Putative Starch Hydrolysis Proteins in A. niger Secretome*

Total rank 1st 2nd 4th 5th
GH’s rank 1st 2nd 3rd 4th
R-score 0.96 0.95 0.91 0.87
Protein gi 350633017׀ gi 350639761׀ gi 350631139׀ gi 350640229׀
GH family GH15 GH36 GH32 GH18
Function 1,4-α-Glucosidase α-Galactosidase Inulinase Hypothetical protein
Substrates Starch Glycolipids/glycoproteins Inulin Unknown

* The calculated R-score cutoff is 0.95
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Conclusions
In summary, the ACPP is a powerful approach, which can
cross-correlate the activity patterns and protein elution profil-
ing in a high throughput and untargeted fashion to identify
bioactive enzymes from hundreds of proteins. Owing to the
micro-scale activity assay and the high-sensitive proteomics,
the ACPP is multiplexed to identify more than one active
enzyme from complicated protein mixture. Meanwhile, we
have noticed several limitations for the current ACPP tech-
nique. For example, although Mono-Q based anion exchange
separation provides high resolution for secretome study, it still
suffers from limited resolution for more complex samples such
as human cell lysate. In addition, positively charged proteins
cannot bind on anion exchange columns. Therefore, a future
direction to optimize the current method is to add an additional
dimension to the separation (i.e., size exclusion) to convert
broad or overlapping peaks to individual peaks. The additional
separation dimension can also facilitate the detection of low
abundance enzymes. Moreover, the protein elution profiles
were generated using peptide counting-based label free quan-
titation, which is a simple and robust approach. However, the
linear dynamic range of peptide counting approach can be
limited because of the saturation effects. To further improve
the accuracy and sensitivity of protein elution profile genera-
tion, we will also evaluate other quantitation approaches such
as intensity-based approach as well as targeted proteomics. We
will also improve current bioinformatics software to accom-
modate sophisticated correlation situations.Through further de-
velopments, the ACPP will provide a powerful platform to
discover novel biomass degrading enzymes in fungal
secretome. In addition, the ACPP can be a universal functional
proteomics platform readily adapted to other applications, such
as disease enzyme screening and drug target discovery.
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