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Summary blurb

We unveil a genome-wide functional buffering mechanism, termed Cell-specific Expression
Buffering (CEBU), whereby gene expression contributes to functional buffering in specific
cell types and tissues. We link CEBU to genetic interactions, tissue homeostasis and cancer

robustness.
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20 Abstract

21  Functional buffering that ensures biological robustness is critical for maintaining tissue
22  homeostasis, organismal survival, and evolution of novelty. However, the mechanism
23 underlying functional buffering, particularly in multicellular organisms, remains largely
24  elusive. Here, we developed an inference index (C-score) for Cell-specific Expression-
25 BUffering (CEBU), whereby functional buffering is mediated via expression of buffering
26  genesin specific cells and tissues in humans. By computing C-scores across 684 human cell
27  lines using genome-wide CRISPR screens and transcriptomic RNA-seg, we report that C-
28 score-identified putative buffering gene pairs are enriched for members of the same
29  duplicated gene family, pathway, and protein complex. Furthermore, CEBU is especialy
30 prevalent in tissues of low regenerative capacity (e.g., bone and neuronal tissues) and is
31  weakest in highly regenerative blood cells, linking functional buffering to tissue regeneration.
32 Clinically, the buffering capacity enabled by CEBU can help predict patient survival for
33 multiple cancers. Our results reveal CEBU as a buffering mechanism contributing to tissue
34  homeostasis and cancer robustness in humans.

35

36  Runningtitle: Expression buffering for cancer robustness

37 Keywords: functional buffering, expression buffering, buffering capacity, genetic interaction,
38  homeostasis, cancer robustness
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40 Introduction

41 Robustness in biological systems is critical for organisms to carry out vita functions in the
42  face of environmental challenges . A fundamental requirement for achieving biological
43  robustness is functional buffering, whereby the biological functions performed by one gene
44  can also be attained via other buffering genes. Although functional buffering has long been
45 regarded as a critical function contributing to biological robustness, the mechanisms
46 underlying functional buffering remain largely unclear °. Based on transcriptional regulation
47  of buffering genes, functional buffering can be categorized as either needs-based buffering or
48 intrinsic buffering. Needs-based buffering involves transcriptional activation of buffering
49  genes only when the function of a buffered gene is compromised. To accomplish needs-based
50 buffering, a control system must exist that senses compromised function and then activates
51 expression of buffering genes. Needs-based buffering is often observed as genetic
52  compensation in various biological systems including fungi, animals and plants *°. One
53 classical needs-based buffering mechanism is genetic compensation among duplicated genes,
54  whereby expression of a paralogous gene is upregulated when the function of the active
55  duplicated gene is compromised ’. Genetic analyses of duplicated genes in Saccharomyces
56 cerevisiae have revealed upregulation of gene expression in ~ 10% of paralogs when cell
57  growth is compromised due to deletions of their duplicated genes ®2°. Apart from duplicated
58  genes, non-orthologous/analogous genes can also be activated for needs-based buffering *°.
59  For instance, inactivation of one growth signaling pathway can lead to activation of others for
60 the coordination of cell growth and survival *’. Such needs-based buffering genes have been
61 documented as enabling unicellular/multicellular organisms to cope with environmental
62  stresses®®.

63
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64  Recent genome-wide studies of duplicated genes in human cells have revealed another class
65  of buffering mechanism whereby expression of buffering genesis not responsive to impaired
66  function but is constitutively expressed, hereafter termed “intrinsic buffering” **°. In some
67 duplicated gene families, the strength of paralogous gene expression determines the
68 essentiality of their corresponding duplicated genes in human cell lines, i.e., the higher the
69 expression of paralogous genes in a particular cell line, the less essential are their duplicated
70  genes '3, This observation indicates that paralogs may buffer and contribute to the function
71  of their duplicated genes in specific cells through their constitutive gene expression. In
72  addition to duplicated gene families, gene essentiality can depend on inherent variability in
73  the expression levels of other genes in the same pathway, suggesting that functionaly

74  analogous genes in the same pathway can aso buffer each other

. Despite these
75  observations, it remains unclear what mechanism may give rise to this context-dependent
76  constitutive expression of buffering genes and how such intrinsic buffering may function in
77  multicellular organisms.

78

79 Inthis study, we directly investigated if cell- and tissue-specific gene expression can act as an
80 intrinsic buffering mechanism (which we have termed “Cell-specific Expression-BUffering”
81 or CEBU, Fig. 1A) to buffer functionally related genes in the genome, thereby strengthening
82 cdlular plasticity for cell- and tissue-specific tasks. To estimate buffering capability, we
83 developed an inference index, the C-score, to identify putative gene pairs displaying CEBU.
84  Thisindex calculates the adjusted correlation between expression of a buffering gene and the
85 essentiality of the buffered gene (Fig. 1B), utilizing transcriptomics data ** and genome-wide

1516 across 684 human cell lines. Our results

86 dependency data from the DepMap project
87  suggest that CEBU-mediated intrinsic buffering plays a critical role in cell-specific survival,

88  tissue homeostasis, and cancer robustness.
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89
90 Results

91 Development of the C-scoreto infer cell-specific expression buffering (CEBU)

92  In seeking an index to infer intrinsic buffering operated via constitutive gene expression, we
93 postulated a buffering relationship whereby the essentiality of a buffered gene (G1) increases
94  when expression of its buffering gene (G2) decreases across different human cell lines (Fig.
95 1). Given that G2 expression differs among cell lines, the strength of buffering capacity
96 varies across cell lines, thereby conferring on G1 cell-specific essentiality. This cell-specific
97  expression buffering mechanism, here named CEBU, is the basis for our development of the
98 C-score. The C-score of agene pair is derived from the correlation between the essentiality of
99 abuffered gene (G1) and expression of its buffering gene (G2) (see C-score plot, Fig. 1B),

100 andisformulated as:

101 C-Score = pe1 2 (1 +b M)

slopega,G2

102 where p denotes the Pearson correlation coefficient between essentiality of G1 and
103  expression of G2. Their regression slope (slopes:, 62) is normalized to slopein, Which denotes
104  the minimum slope of al considered gene pairs in the human genome (see Methods). The
105 normalized slope can be weighted by cell- or tissue type-specific b. In our current analysis, b
106 isset as 1 for a pan-cell- and pan-cancer-type analysis. Gene essentiality is represented by
107  dependency scores (D.S.) from the DepMap project *°, where the effect of each gene on cell
108 proliferation was quantified after its knockout using the CRISPR/Cas-9 approach.
109  Specifically, amore negative D.S. reflects slower cell proliferation when the gene is knocked
110  out, thus reflecting stronger essentiality. Expression data was obtained through RNA-seq *°.
111  We anticipated that the higher the C-score of a gene pair, the more likely G2 would buffer G1
112  based on our proposed CEBU mechanism.

113
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114  We conducted a genome-wide analysis to calculate C-scores for all gene pairs across 684
115 human cell lines. The calculated C-scores were compared to a bootstrapped null distribution
116  generated by random shuffling of G2 expression among cell lines (Fig. S1A). The
117  bootstrapped null distribution can be modeled as a normal distribution (Fig. S1B). For our
118 analysis, we considered gene pairs to have a high C-score with a strong likelihood of intrinsic
119  buffering when their C-scores were > 0.25 (0.058% of gene pairs in the human genome,
120  ggnificant with ag-value < 2.2e-16 after multiple testing correction, Fig. S1A). Based on our
121 C-score definition, a high C-score should be indicative of marked variability in cell-specific
122  essentiality and expression. Indeed, we observed higher variability in both G1 dependency
123  and G2 expression for high C-score gene pairs (Fig. S2A). Nevertheless, high variation alone
124  isinsufficient to grant a high C-score. A high C-score requires consistent pairing between G1
125 and G2 across cell lines and, as anticipated, disrupting the pairing between G1 dependency
126 and G2 expression by shuffling G2 expression amongst cell lines (without changing
127  variability) abolished the C-score relationship (compare the right panel of Fig. S2B to the left
128 one). Moreover, both mean G1 dependency and mean G2 expression in high C-score gene
129  pairs were lower than those parameters in randomly selected gene pairs (Fig. S2C), implying
130 that G1s and G2s in high C-score gene pairs tend to be more essential and less expressed,
131  respectively.

132

133 Characterization of C-score-inferred CEBU gene pairs

134  Since several duplicated gene pairs have been implicated as displaying functional buffering

135  via gene expression %

, We characterized the duplicated genes among C-score-identified
136  genepairs. We found that duplicated gene pairs are enriched among gene pairs with C-scores
137 > 0.255 (p-value = 0.05 using a hypergeometric test), suggesting that CEBU is a prevalent

138  buffering mechanism among duplicated genes (Fig. 2A). Interestingly, the majority of high
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139 C-score gene pairs are non-duplicated (> 90%, Fig. S3A). In these cases, G2s may be
140 functional analogs of the respective G1s, acting as surrogate genes. Accordingly, we
141  examined if the high C-score gene pairs are more likely to participate in the same function or
142  biological pathway or physically interact. To do so, we calculated the enrichment of curated
143  genesetsin terms of Gene Ontology (GO) *' and Kyoto Encyclopedia of Genes and Genomes
144  (KEGG) * from the Molecular Signatures Database *° (Fig. 2B). Gene pairs with high C-
145 scores consistently exhibited greater functional enrichment. Likewise, we observed a
146 monotonic increase in the enrichment of protein-protein interactions (PPl) [using the
147  STRING % and CORUM # databases] between G1s and G2s in accordance with increasing
148 C-score cutoff (Fig. 2C). The enriched functions include housekeeping functions such as
149 regulating redox homeostasis, gene transcription, mRNA translation, as well as NTP
150 synthesis (Fig. 2D). Moreover, some cancer-related pathways are also enriched in the C-
151  score-identified buffering network, including the proto-oncogenes EGFR and MYC (Fig. 2D).
152  Both duplicated and non-duplicated gene pairs contribute to the observed functional and PPl
153  enrichments. However, notably, functional and PPl enrichment are primarily attributable to
154  non-duplicated genes (compare Fig. 2B and 2C to Fig. S3B and S3C), indicating a strong
155 likelihood for intrinsic buffering among analogous genes in the same pathway or proteins in
156 the same protein complex. Thus, high C-score gene pairs are enriched in duplicated gene
157 pairs, as well as non-duplicated gene pairs that are members of the same biological pathway
158 and/or encode physically interacting proteins, supporting that CEBU (which is the basis of
159  our C-scoreindex) is the mechanism enabling intrinsic buffering between such gene pairs.
160

161 Experimental validation of C-score-inferred CEBU gene pairs

162 To validate putative C-score-inferred buffering gene pairs, we conducted experiments on the

163  highest C-score gene pair, i.e., FAM50A-FAM50B, both members of which belong to the
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164 same duplicated gene family. Based on a C-score plot of FAM50A-FAM50B (Fig. 3A), we
165 expected that FAM50B would display a stronger buffering effect on FAM50A for cell lines
166 located at the top-right of the plot (e.g. A549 and M CF7) relative to those at the bottom-left
167 (e.g. U20S). Accordingly, growth of the cell lines at the top-right of the plot would be more
168 sensitive to dual suppression of FAM50A and FAMS50B. We used gene-specific small hairpin
169 RNAs (shRNASs) to suppress expression of FAM50A and FAM50B, individually and in
170  combination. Consistent with our expectations, we observed stronger growth suppression in
171  the A549 and MCF7 cell lines relative to the U20S cell line (Fig. 3B). Next, we quantified
172 FAM50A and FAM50B genetic interactions in these three different cell lines by Bliss score %,
173  with lower scores indicating stronger synergistic interactions (see Methods). Indeed, the
174  FAM50A-FAM50B gene pair in the A549 and MCF7 cell lines exhibited stronger synergy
175 than in the U20S cell line (Bliss score: 1.07 in A549, 1.06 in MCF7 and 1.44 in U20S).
176  Importantly, a recent study focusing on genetic interaction of duplicated genes identified the
177 FAMS50A and FAM50B gene pair as the most significant interacting duplicated gene pair in
178  the human genome %, further supporting the inference power of our C-score index. Moreover,
179 the A375 cell line was used in that recent study, and it is predicted to display strong synergy
180  based on our C-score plot of FAM50A and FAM50B (Fig. 3A).

181

182  Although duplicated genes are well recognized for their buffering relationship, there is
183 limited evidence supporting intrinsic buffering among non-duplicated genes. Thus, we sought
184  to experimentally examine apair of non-duplicated genes with a high C-score, so we targeted
185 the POP7-RPP25 pair. These two genes encode protein subunits of the ribonuclease PMRP
186 complex. In the C-score plot of POP7-RPP25 (Fig. 3C), the HT29 cell line lies in the top-
187  right region and the U20S and LN18 cell lines are in the bottom-left region, indicating a

188 likelihood for a stronger buffering effect in the HT29 cell line. When we suppressed
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189 expression of POP7 and RPP25 using gene-specific shRNAs in these three cell lines, we
190 observed that dual suppression of POP7 and RPP25 resulted in strong synergistic effects for
191 the HT29 cell line but not for the U20S or LN18 cell lines (Bliss scores for POP7-RPP25
192  genetic interactions are 1.02 in HT29, 1.13 in U20S, and 1.19 in LN18, Fig. 3D), indicating
193 that C-score-inferred buffering gene pairs can be non-duplicated functional analogs in the
194  same protein complex or duplicated genes of the same family.

195

196 Tissue specificity of CEBU

197  One key feature of intrinsic buffering is cross-cell variation in the expression of buffering
198  genes (G2s), which contributes to cell-specific dependency of the buffered genes (G1s) (Fig.
199 1). We hypothesized that the source of this cross-cell variation in G2 expression is embedded
200 in the digtinct transcriptional programs of different tissues. Therefore, we examined if the
201  expression of high C-score G1s and G2s is tissue-specific. We calculated a tissue specificity
202 index, 7**, for each gene to establish if it displays low (low 7, broadly expressed across
203  tissues) or high tissue specificity (high 7, only expressed in one or afew specific tissues). As
204  shown in Figure 4A, G2s generally presented higher tissue specificity compared to G1s
205  (significant with t-test, p < 2.2e-16) and compared to the control generated by randomly
206  shuffling G2s across cell lines (Fig. $4). Together, these results indicate that Gls are
207  generally expressed in the majority of cell types, whereas expression of G2s is more tissue-
208  specific.

209

210  The pronounced tissue-specificity of G2 expression implies that CEBU acts as a type of
211  tissue-specific intrinsic buffering. To further explore in which tissue types CEBU is more
212  active, we generated normalized C-score plots for all high C-score gene pairs whereby the G1

213  dependency scores across all cell lines were quantile-normalized to be between -1 and 0 and
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214  the G2 expression values were normalized to be between 0 and 1 (Fig. 4B). We plotted these
215 vaues against each other and then divided the resulting plot into nine equal regions by
216 radiating lines out from zero (R1 to R9, Fig. 4B). As per the examples shown in Fig. 3A, C,
217  tissue types displaying stronger CEBU-mediated buffering capacity would be enriched in the
218  regions R1-R4, whereas those with low buffering capacity would predominate in regions R6-
219 R9. Accordingly, considering a total of 29 tissue/cell types, we calculated the proportion of
220 each tissue/cell type in each region of the plot in Fig. 4B, as well as the percentage of CEBU-
221 enriched gene pairs for each tissue/cell type (see Methods). For each plot region, we
222  observed that one to three tissue/cell types presented a high percentage of CEBU-enriched
223  gene pairs (Fig. 4C). For example, for region R1, 98.0% of the CEBU-enriched gene pairs
224  are highly expressed in cells derived from bone tissue (see grayscale ring surrounding the
225  upper-left subplot of Fig. 4C), whereas region R9 encompasses a high percentage of
226  strongly-expressing CEBU-enriched gene pairs in blood cells (lymphoma: 13.9%, leukemia:
227  10.6%, and multiple myeloma: 9.2%, see grayscale ring surrounding the bottom-right subplot
228 of Fig. 4C). We also noted a few reoccurring tissue/cell types across regions of the plot
229  reflecting high buffering capacity (central nervous system in R2, R3, and R4) or in low
230 hbuffering regions (leukemia in R7, R8, and R9; lymphoma in R8 and R9) (Fig. 4C),
231 indicating that particular tissue/cell types display a propensity for CEBU activity. These
232  results support that CEBU reflects tissue-specific intrinsic buffering, and that whereas
233  buffered Gls are generally expressed across tissue types, the buffering G2s are expressed in
234 specific tissue/cell types, thereby contributing to tissue-specific functions.

235

236 Harnessing C-score to calculate the buffering capacity of CEBU

237  Asreveded by our experimental resultsin Figure 3, cell lines located in the upper right of a

238 C-score plot are more sensitive to dua gene suppression, indicating a higher buffering
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239 capacity from G2s. To quantify G2 buffering capacities in various cells or tissues, we
240 caculated buffering capacities as the relative G2 expression (compared to that of all other
241  cdl lines) of the cell line of interest adjusted by the C-score of the gene pair (Fig. 5A and
242 Methods). We validated these C-score-derived buffering capacities as predictions of genetic
243  interactions between G1 and G2 using experimental results from four independent studies in
244 human cells (Table S1) %, Using the receiver operating characteristic (ROC) curve to
245  assess the performance of buffering capacity predictions, we observed that the resulting area
246  under curve (AUC) is significantly larger than random (Mann-Whitney U test with p-value <
247  0.05, Fig. 5B). Furthermore, predictive performance increased for higher C-score cutoffs, as
248 indicated by their increasing AUC (Fig. 5B). Moreover, the buffering capacity of CEBU is
249  quantitatively correlated with the strength of genetic interaction. We observed a negative
250 correlation between C-score-derived buffering capacities and experimentally validated
251  genetic interactions (C-score cutoff = 0.25, correlation = -0.231, p-value = 0.034, Fig. SbA),
252 and this correlation is stronger for higher C-score cutoffs (Fig. S5B). Even though this
253 correlation coefficient of -0.231 is not strong (although it is statistically significant), the
254  intrinsic variability associated with collating experimental results from four independent
255  studies must be considered a contributory factor to weakening that correlation 2. Moreover,
256  predictions of genetic interactions based on CEBU buffering capacity are robust even when
257  different thresholds for calculating buffering capacity are applied (M ethods and Fig. S5C).
258  Accordingly, the CEBU mechanism can be used to infer genetic interactions in human cells.
259  Since CEBU is reflective of tissue-specific intrinsic buffering (Fig. 4), we also quantified
260 buffering capacity in various tissue/cell types. We calculated the average buffering capacity
261 for each tissue/cell type based on high C-score gene pairs (Fig. 5C). In line with our
262  enrichment analysis presented in Figur e 4, the top three most buffered tissues are the central

263  nervous system, bone and the peripheral nervous system. In contrast, blood cells—including
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264 multiple myeloma, lymphoma, and leukemia cell lines—exhibited the lowest buffering
265  capacities.
266

267 CEBU-mediated buffering capacity isindicative of cancer agar essiveness

268 Inspired by the proto-oncogenes we identified according to C-scores (Fig. 2D), we wondered
269 if cancers in various tissues may take advantage of the buffering capacities endowed by the
270  CEBU mechanism for robust proliferation. In other words, would higher CEBU-mediated
271  buffering capacity render cancers more robust and aggressive, thereby resulting in a poorer
272  prognosis? To test this hypothesis, we established a “ground-truth” of expression-based
273  cancer patient prognosis by analyzing patient gene expression and survival data for all 30
274  available cancer types from The Cancer Genome Atlas (TCGA) . Here, we assessed
275  differential patient surviva against gene expression using Cox regression and controlling for
276  clinical characteristics including age, sex, pathological stage, clinical stage, and tumor grade,
277  followed by multiple testing correction (false discovery rate < 0.2). Then, we examined the
278  performance of CEBU-mediated buffering capacity in terms of predicting the ground-truth
279  dataset. Asan example, in Figure 6A we present potential buffering to NAMPT of the NAD™
280  salvage pathway, where cancers may be addicted to this pathway *. We discovered that the
281 NAMPT-CALD1 gene pair, comprising the NAMPT dependency score and CALD1 gene
282  expression, demonstrate a high C-score of 0.446, and its CEBU-mediated buffering capacity
283 is high in CNS but low in blood cells. When we stratified patients based on CALD1
284  expression, we observed a considerable difference in survival for patients suffering lower
285 grade glioma (LGG — a cancer of the CNS, see Table S2 for cross-referencing between cell
286 lines and TCGA cancers and for the full names of cancer abbreviations), but not for patients
287  with acute myeloid leukemia (LAML — a cancer of the blood, Fig. 6B left panel for LGG and

288  right panel for LAML). Mean CEBU-mediated buffering capacity for the NAMPT:CALD1
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289 genepair is 1.47 in the CNS (i.e. tissue/cell types displaying strong buffering capacity), but
290 only -0.88 in leukemic blood cells (i.e. exhibiting weak buffering capacity) (Fig. 6A). Thus,
291  based on our ground-truth dataset, the buffering capacity of the NAMPT and CALD1 gene
292 pair in different tissue/cell types can be used to predict patient survival for specific cancer
293  types.

294

295 We systematically assessed how buffering capacity from C-score-identified gene pairs could
296 help predict cancer patient survival for al 30 TCGA cancer types. We found that for 15 of
297  those cancers, at least 1% of genes across the genome can predict patient survival (with
298  datistical significance assessed by Mann-Whitney U test), and for 8 of those 15 cancer types,
299 the performance of CEBU-mediated buffering capacity for at least one C-score cutoff was
300 significantly better than random (AUC > 0.5, false discovery rate < 0.2) (Fig. 6C). In
301 addition, CEBU-mediated buffering capacity is also predictive of pathological stage (Fig.
302 S6A), clinical stage (Fig. S6B), and tumor grade (Fig. S6C) for multiple cancer types. In
303 general, buffering capacity-based predictions performed better for higher C-score cutoffs.
304  Taken together, our results show that the CEBU-mediated buffering capacity derived from
305 our C-score index can be indicative of cancer aggressiveness, as illustrated by patient
306  survival, cancer pathological stage, clinical stage and tumor grade.

307

308 Discussion

309 In multicellular organisms, different cells and tissues conduct various functions via
310 gpecidized cellular structures and/or according to specific states (e.g., signaling and/or
311 metabolic states) by regulating cell- and tissue-specific gene expression. Our study indicates
312 that this cell- and tissue-specific gene expression not only contributes directly to tissue-

313  gpecific functions, but also alows buffering for functional enhancement. This type of
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314  functional buffering, which we have termed cell-specific expression buffering (CEBU), can
315 enhance housekeeping functions in specific tissues, thereby enabling tissue homeostasis.
316  Furthermore, it appears to be especially prevalent in tissues of low regenerative capacity (e.g.,
317 bone and neuronal tissues) and it can promote tumor aggressiveness based on cancer patient
318 survival. Although functional buffering has long been known as critical to biologica
319  robustness, the mechanisms underlying functional buffering remain largely unknown °.
320 CEBU that we illustrate in the present study represents a possible buffering mechanism in
321 multicellular organismsthat is critical for tissue homeostasis and cancer robustness.

322

323  One key feature of CEBU is the distinct patterns of expression and dependency (essentiality)
324  between the buffered genes (G1s) compared to buffering genes (G2). In general, G1s tend to
325 be broadly expressed with stronger dependency, whereas expression of G2s is more tissue-
326  specific and less essential (Fig. 4A and S2C). Generaly, the essentiality of genes is
327  correlated with their expression level and tissue specificity . Housekeeping genes that are
328 broadly expressed in most cells exhibit stronger essentiality. In contrast, genes expressed in
329 gpecific cell types are considered to have weaker essentiality. Here, CEBU represents a
330 putative mechanistic link between these two types of genes (i.e., housekeeping and tissue-
331 gpecific genes), enabling their cooperation to regulate cellular functions via functional
332 buffering. Specifically, house-keeping functions like metabolism, transcription, translation,
333  and cell-cycle-related processes are highly enriched among high C-score gene pairs (Fig. 2D),
334 indicating that house-keeping functions can be robustly maintained via CEBU-mediated
335 functional buffering.

336

337 Asacdl- and tissue-specific buffering mechanism, CEBU may endow buffering capacity on

338  gpecific cells/tissues in order to maintain their functions and survival. This enhancement of
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339 cellular robustness may allow cells to persist for a longer time-period, in some cases even
340 throughout the lifespan of an organism. As a result, CEBU may compensate for the lack of
341  regenerative capacity in certain tissues. We predicted neuronal and bone tissues to have the
342  strongest CEBU-mediated buffering capacities (Fig. 4C and 5C), both of which exhibit
343  relatively low regenerative capacities **°. In contrast, human blood cells, which are fully
344 regenerated in 4 to 8 weeks ¥, are predicted to have the weakest buffering capacities (Fig.
345 5C). Therefore, it is tempting to speculate that cell types of weaker regenerative capacities,
346  such as neurons, need to sustain robust cellular functions through the buffering afforded by
347 CEBU, thereby maintaining their tissue homeostasis. In contrast, highly regenerative tissues
348 arefrequently replaced, so they have less need for functional buffering.

349

350 Unlike the needs-based buffering mechanism, whereby the buffering gene is only activated
351 when its buffered function is compromised, the CEBU-mediated intrinsic buffering proposed
352 herein maintains a congtitutively active state with cell- and tissue-specificity. Since the
353 buffering gene (G2) is continuously expressed, there is no need for a control system to
354  monitor if a function has been compromised and to activate the expression of the buffering
355 genes. As aresult, no response time is needed for intrinsic buffering, unlike for needs-based
356 buffering. Accordingly, the CEBU mechanism can enable or adjust buffering capacity by
357 regulating the expression of buffering genes via cell- or tissue-specific epigenetic regulators.
358 Thus, CEBU can buffer housekeeping functions that need to be performed constitutively,
359  which differs from the needs-based buffering that is mostly characterized as stress-responsive
360 . Overall then, CEBU describes a simple, efficient and potentially versatile mechanism for
361 functional buffering in humans and potentially other multicellular organisms.

362


https://doi.org/10.1101/2021.07.26.453775
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.07.26.453775; this version posted August 18, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

363 CEBU describes an intrinsic buffering mechanism that functions under normal physiological
364 conditions. Consistent with this notion, when we examined if our C-score index could be
365 biased due to our usage of cancer cell lines, we found that only a low percentage (2.3% per
366 genepair, Fig. STA) of mutant cell lines contributed to our C-score measurements. Moreover,
367  excluding mutant cell lines did not qualitatively affect our C-score measurements, especially
368 for high C-score gene pairs (Fig. S7B). The same trend holds for cancer-related genes (Fig.
369 S7B). These results indicate that mutant cell lines are not the major determinants of C-scores.
370 Similarly, since copy number variation (CNV) is a maor mechanism for oncogenic
371  expression, we checked if CNV contributes to G2 expression. As shown in Figure S7C, the
372  correlation between G2 expression and copy number decreases with increasing C-score,
373  indicating that CNV is not a primary mechanism regulating G2 expression. Thus, our C-score
374  index islikely not biased by the utilization of cancer cell lines.

375

376  We observed an enrichment of duplicated genes among high C-score gene pairs, supporting
377 the notion that duplicated genes contribute to the context-dependent essentiality of their
378  paralogous genes **3. In addition to duplicated genes, our C-score index identified a high
379  percentage of non-duplicated gene pairs with high buffering capacities (Fig. S3A), and these
380 non-duplicated gene pairs tend to belong to the same pathways and/or protein complexes (Fig.
381 2B and 2C). Therefore, it is possible that many of these G1s and G2s represent non-
382 orthologous functional analogs. One simple scenario could be that G1 and G2 physically
383 interact with each other to form a protein complex, wherein G1's function can be structurally
384  substituted by G2. Indeed, we identified the POP7 and RPP25 gene pair as an example of
385 thisscenario (Fig. 3C and 3D). More sophisticated and indirect functional buffering can also

386 occur between Gls and G2s given the complex interactions among biological functions *.
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387 We expect that CEBU exerts buffering effects through additional types of molecular
388 interactions, which remain to be tested experimentally.

389

390 C-score-derived cell-specific buffering capacities comply well with experimentally validated
391 genetic interactions in human cells (Fig. 5B and Fig. S5), indicating that CEBU may
392  represent acritical mechanism for synthetic lethality in human cells. In practice, it remains a
393 daunting challenge to systematically characterize genetic interactions in organisms with
394  complex genomes due to large numbers of possible gene pairs, i.e. ~200 million gene pairsin
395 humans. Previous efforts have used computational approaches on conserved synthetically
396 lethal gene pairs in the budding yeast Saccharomyces cerevisiae or employ data mining on
397 multiple large datasets to infer human synthetic lethalities “***. Nevertheless, predictions
398  emanating from different studies exhibit little overlap *, evidencing the marked complexity
399 of synthetic lethality in humans. The CEBU mechanism proposed here can contribute both
400 experimentally and computationally to a better characterization of human genetic interactions.
401

402 Using G2 expression of a high C-score gene pair to stratify cancer patients, we observed a
403 dignificant difference in cancer patient survival, indicating that stronger CEBU-mediated
404  buffering capacity could be predictive of cancer aggressiveness in patients (see Fig. 6A and
405 6B for an example). Indeed, buffering capacity helped predict cancer patient survival in 8 of
406 15 cancer types and, generally, predictive performance was better for higher C-score cutoffs
407 (Fig. 6C). Apart from patient survival, buffering capacity is also indicative of pathological
408 stage, clinical stage, and tumor grade of cancers (Fig. S6). These results support our
409 hypothesis that stronger buffering capacity via higher G2 expression contributes to cancer
410 robustnessin terms of proliferation and drug resistance. Given the complexity of cancers, it is

411  surprising to see such genera predictivity of cancer prognosis by individual high C-score
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412  gene pars. Accordingly, we suspect that some cancer cells may adopt this cell- and tissue-
413  specific buffering mechanism to enhance their robustnessin proliferation and stress responses
414 Dby targeting the expression of buffering genes. Clinically, the expression of such buffering
415 genes could represent a unique feature for evaluating cancer progression when applied
416  aongside other currently used clinical characteristics. Finally, experimental validation of C-
417  score-predicted genetic interactions will help identify potential drug targets for tailored
418  combination therapy against specific cancers.

419

420 Materialsand Methods

421 Retrieval and processing of dependency score and gene expression data

422  Data on dependency scores and CCLE (Cancer Cell Line Encyclopedia) gene expression
423  were downloaded from the DepMap database (DepMap Public 19Q4) ¢, Dependency
424 scores modeled from the CERES computational pipeline based on a genome-wide CRISPR
425  loss-of-function screening were selected. CCLE expression data was quantified as log, TPM

426  (Transcripts Per Million) using RSEM (RNA-seq by Expectation Maximization) with a

427  pseudo-count of 1 in the GTEX pipeline (https.//gtexportal.org/home/documentationPage).
428 Only uniquely mapped reads in the RNA-seq data were used in the GTEx pipeline.
429 Integrating and cross-referencing of the dependency score and gene expression datasets
430 yielded 18239 genes and 684 cell lines. Genes lacking dependency scores for any one of the
431 684 cell lines were discarded from our analyses.

432

433 C-scorecalculation

434  Our C-score index integrates the dependency scores of buffered genes (G1) and the gene
435 expression of buffering genes (G2) to determine the buffering relationship between gene

436  pairs. Genes with mean dependency scores > 0 or mean gene expression < 0.5 log; TPM were
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437  discarded, yielding 9196 G1s and 13577 G2s. The C-score integrates the correlation (p) and

438  slope between the dependency score of gene G1 and the gene expression of gene G2, defined

439 as.
440

A min
. C-SCOre= pg1 62 (1 +b %>
442

443  where p denotes the Pearson correlation coefficient and slopenin denotes the minimum slope
444  of al considered gene pairs that present a statistically significant paositive correlation. The
445  normalized slope can be weighted by cell- and tissue-type specific b. In our analysis, b is set
446  as1for apan-cell or pan-cancer analysis.

447

448  Duplicated gene assignment

449 Information on gene identity was obtained from ENSEMBL (release 98, reference genome
450 GRCh38.p13) *. Two genes are considered duplicated genes if they have diverged from the
451  same duplication event.

452

453  Enrichment analysisfor buffering gene pairs

454  For enrichment analysis of gene pairs, we adopted a previously described methodology *.
455  Briefly, GO and KEGG gene sets were downloaded from the Molecular Signatures Database

456  (https://www.gsea-msigdb.org/gsea/msigdb/). The number of total possible gene pairsis 9196

457 (Gl) x 13577 (G2). The condition of G1 and G2 being the same gene was excluded as a

458  potential buffering gene pair under all C-score cutoffs. Enrichment was calculated as:
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459  where e, represents the number of gene pairs that are both annotated and with buffering
460 capability, e, is the number of annotated gene pairs, e, is the number of buffering gene pairs,
461 and e, isthetotal number of gene pairs.

462  Protein-protein interaction (PPl) data was downloaded from the STRING database (version
463  11) . Only high-confidence interactions (confidence > 0.7) in human were considered. The
464  STRING database determines confidence by approximating the probability that a link exists
465 between two enzymes in the KEGG database. Data on protein core complexes were
466 downloaded from CORUM (http://mips.helmholtz-muenchen.de/corum). The enrichment
467  calculation is the same as for GO and KEGG, except that e, represents the number of gene
468 pairs that have PPl or are in the same complex and have buffering capability, and e, is the
469  number of gene pairs that have PPI or are in the same complex.

470

471  Construction of our Human Compensatory Gene Networ k

472  The directional human compensatory gene network was constructed from gene pairs
473  exhibiting high C-scores (> 0.25). For illustration, isolated subnetworks are not shown. We
474  visualized the network using Cytoscape (https:.//cytoscape.org/) and MATLAB. GO
475  enrichment was conducted on each cluster using g:Profiler *°. To identify functionally-related
476  gene clusters in the human compensatory gene network, the genes with enriched functions
477  were inputted into the SAFE algorithm “. The neighbor radius was determined by regional
478  enrichment of sub-networks for each GO-enriched function.

479

480 Experimental validation

481 A549, H4, HT29, LN18, MCF7, and U20S cell lines were selected based on their

482  distribution across the C-score plots (Fig. 3A and 3C), indicating different buffering

483  capacities. All cell lines were purchased from ATCC and they were cultured in Dulbecco’'s
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484 Modified Eagle Media (H4 and LN18), Ham's F-12K Medium (A549), or RPMI 1640 media
485 (HT29, MCF7, and U20S) supplemented with 5% fetal bovine, serum, 100 U/mL penicillin,
486 100 pg/mL streptomycin, and 250 ng/mL fungizone (Gemini Bio-Products). Cell growth was
487  monitored by time-lapse imaging using Incucyte Zoom, taking images every 2 hours for 2-4
488 days. To suppress FAM50A, FAM50B, POP7 and RPP25 expression, lentivirus-based
489 shRNAs were delivered individually or in combination. The gene-specific ShRNA sequences
490 are FAM50A - CCAACATTGACAAGAAGTTCT and GAGCTGGTACGAGAAGAACAA;
491 FAMS50B — CACCTTCTACGACTTCATCAT,; POP7 — CTTCAGGGTCACACCCAAGTA
492 and CGGAGACCCAATGACATTTAT,; and RPP25 — CCAGCGTCCAAGAGGAGCCTA.
493  To ensure better knockdown of gene expression, shRNAs were delivered twice (7 days and 4
494  days before seeding). Equal numbers of cells were seeded for cell growth measurements by
495 time-lapse imaging using Incucyte Zoom. The lentivirus-based shRNAs were purchased from
496 the RNAI core of Academia Sinica. The growth rate under each condition was measured by
497  fitting cell confluence to an exponential growth curve using the Curve Fitting Toolbox in
498 MATLAB.

499

500 Blissindependence model

501  Cytotoxic synergy was measured using the Bliss independent model ?°. The Bliss model is

502 presented asaratio of the expected additive effect to the observed combinatorial effect:

_EA+EB_EAXEB

bliss
EAB

503 where E is the effect of drug A, B, or a combination of A and B. Effect was measured by the
504 relative cell growth, based on the fold-change of confluency between 0 and 72 hours upon
505 suppression of FAM50A and FAM50B or suppression of POP7 and RPP25 in all cell lines
506 except MCF7, and between 0 and 96 hours upon suppression of FAM50A and FAM50B in

507  MCF7.
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508
509 Cell-specific buffering capacity and comparison to experimental genetic interactions
510 Cell-specific buffering capacity was derived from the C-score of a given gene pair and gene

511 expression of the buffering gene (G2) in the cell line of interest following the equation:

512
. _ cell line expression — 25th percentile of all expression (G2)
buffering capacity =
slopemoa
. ] _C y sd (G2 expression)
where slope,,,q = C-score sd(C1 dependency)
513

514 where sd = standard deviation. The 25" percentile cutoff for expression is determined
515 empiricaly, athough different percentile cutoffs do not qualitatively affect the measurements
516 of buffering capacities (Fig. 5A).

517 Combinatorial CRISPR screen-derived genetic interaction scores were pooled from four

518 literature sources 228

(Table S1). We only considered cell lines that appear in DepMap
519 CERES 19Q4. There were two C-scores for each gene-pair of the experimental dataset (either
520 gene could be a G1), and we assigned the higher C-score for that gene-pair. Overal, we
521  curated 10,222 genetic interaction scores in various cell lines from the literature, and 1986
522  out of 10,222 genetic interaction scores had a C-score > 0.1. To evaluate the validity of
523  buffering capacity, we generated a ground-truth dataset by assigning gene-pairs with a
524  positive genetic interaction as false for buffering and a negative genetic interaction as true for
525  buffering. The qualitative performance of buffering capacity against this ground-truth dataset
526  was assessed by ROC curve. Additionally, we correlated the buffering capacity directly viaa
527  ground-truth genetic interaction score for quantitative evaluation.

528

529  Tissue specificity
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530 To calculate tissue-specificity, cell lines were grouped by their respective tissues, and
531 expression of genes in cell lines of the same tissue were averaged. Tissue specificity was
532 calculated astau (7) %, where ris defined as:

533

G "
1—1( xmax)

N-1

534

535  with N denoting the number of tissues, x; denoting the expression of a gene, and xmax denoting
536 the highest gene expression across all tissues. Note, expression values were log-transformed,
537 solog; TPM < 1 was considered as 0 in tissue specificity calculations *'.

538

539  Cancer-specific survival prediction according to C-scor e gene pairs

540 Gene expression and survival data from The Cancer Genome Atlas (TCGA) % was retrieved
541  from Xena “. The DepMap cancer cell lines were mapped to TCGA cancers based on the
542  annotation in Table S2 (cancers that do not have a matched cancer type in CERES 19Q4
543 were not analyzed). To systematically analyze cancer prognosis, we first performed a
544  multiple test correction on the p-values from Cox regression controlling for age, sex,
545  pathological stage, clinical stage and tumor grade. We calculated the false discovery rate
546 (FDR) using the Benjamini—-Hochberg procedure with a threshold < 0.2. The ground-truth
547  table for each cancer was constructed using the adjusted p-value. AUC of ROC curves were
548  used to assess the performance of survival based on buffering capacity. AUCs and ROCs
549  were generated using python and R. The statistical significance of AUC was assessed by
550 Mann-Whitney U test *° to evaluate if gene expression with a positive Cox coefficient (poorer
551 prognosis) reflected significantly higher buffering capacities in each cancer with different C-

552  score cut-offs. The p-values of the Mann-Whitney U test were adjusted using the Benjamini-
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553  Hochberg procedure with a threshold < 0.2. We conducted a similar approach to the
554  prognosis analysis for buffering capacities and clinical features. We calculated the p-values
555 of correlations between gene expression and clinical features, staging and grade, and
556  corrected the p-values using the Benjamini-Hochberg procedure with a threshold < 0.2. We
557  then used Mann-Whitney U tests to evaluate if gene pairs with a significant positive
558 correlation between gene expression and tumor aggressiveness presented a significantly
559  higher buffering capacity in each cancer for different C-score cut-offs.

560

561 Data Availability

562  All high C-score (> 0.25) gene pairs (https:/figshare.com/s/6f8929c6543687a6062f) and

563 programming code (https:/figshare.com/s/b778489bb2f6fc3b0069) are available in the

564  FigShare repository.
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711  FigureLegends

712  Figure 1. Genome-wide CEBU analysis using the C-score index
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713  C-score plot: the x-axis is the dependency score of the buffered gene (G1) and the y-axis is
714  the expression level of the buffering gene (G2). G1 is considered as being potentially
715 buffered by G2, as quantified by C-score, which is an adjusted correlation for a given gene
716  based on the C-score plot.

717

718 Figure 2. Properties of high C-score gene pairs

719  (A) Enrichment for duplicated genes as C-scores increase (hypergeometric test). The dashed
720  line denotes the p-value of 0.05, where the corresponding C-score is 0.255. The red region
721  (i.e., above the dashed line and equating to C-score > 0.255) indicates significant enrichment.
722  The green region indicates lack of significance. (B-C) Functional enrichment of C-score gene
723  pairsincreases with C-score cutoff. (B) Enrichment of pairs of genes annotated with the same
724 gene ontology biological process (GO:BP) term or KEGG pathway in C-score gene pairs.
725  Enrichment increases with C-score cut-off. (C) Enrichment of pairs of genes with annotated
726  protein-protein interactions from STRING and within the same protein complex from
727 CORUM among C-score gene pairs. Enrichment increases with C-score cut-off. (D) Left: the
728  buffering gene network is composed of 6,664 nodes and 42,754 edges with C-scores >
729  0.2536. Orange nodes represent buffered genes; grey nodes are buffering genes, and blue
730 nodes are genes that are both buffered and buffering. Right: Clusters of GO-enriched
731 biological functionsin the buffering gene network.

732

733 Figure 3. Experimental validation of cell-specific expression buffering between
734  FAMS50A and FAM50B, and POP7 and RPP25

735 (A) C-score plot of the highest C-score gene pair, FAM50A (dependency score - D.S.) and
736 FAM50B (G2) expression, labeled with the U20S (predicted not synergistic), A549

737  (predicted synergistic), and MCF7 (predicted synergistic) cell lines. (B) Relative cell growth
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738  based on fold-change in confluency of the U20S, A549, and MCF7 cell lines with or without
739 FAMS50A or FAM50B suppression. Bliss scores indicate strength of synergy between double
740  suppression of FAM50A and FAM50B compared to either gene alone. Error bars indicate
741  standard deviation of six technical repesats. (C) C-score plot of the non-duplicated gene pair,
742 i.e., POP7 dependency score and RPP25 gene expression, labeled with the LN18 (predicted
743  not synergistic), U20S (predicted not synergistic), and HT29 (predicted synergistic) cell lines.
744 (D) Relative cell growth based on fold-change in confluency of the HT29, U20S and LN18
745  cell lines with or without shRNA-based POP7 or RPP25 suppression. Bliss scores indicate
746  strength of synergy between double suppression of POP7 and RPP25 compared to either
747  genealone. Error bars indicate standard deviation of six technical repeats.

748

749  Figure4. Tissue specificity of CEBU

750 (A) Tissue specificity (7) of G1 and G2 pairs. 7 was calculated for G1 and G2 from high C-
751  score gene pairs. Statistical significance was assessed by paired-t test. (B) The density plot of
752 100,000 randomly selected high C-score gene pairs. D.S. (G1s) and expression (G2s) were
753  normalized to be between -1 and 0 or 0 and 1, respectively. The normalized C-score plot was
754  divided equally into nine regions (R1-R9) by radiating lines out from zero. (C) Tissue/cell-
755  type specificity of each region (R1-R9) of the normalized C-score plot. The colored pie charts
756 indicate the proportion of each tissue/cell type in each of the regions. The greyscale rings
757 around the pie charts represent the relative percentage of statistically enriched gene pairs for
758 the corresponding tissue/cell types. The tissue/cell types with high percentages of enriched
759 genepairs (dark grey or black) are annotated for each region.

760

761  Figure5. C-score-derived tissue-specific buffering capacity


https://doi.org/10.1101/2021.07.26.453775
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.07.26.453775; this version posted August 18, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

762  (A) lllustration showing how cell-specific buffering capacities were derived from C-scores.
763  Buffering capacity was calculated based on: 1) the regression line of the C-score for the gene
764  pair; and 2) relative G2 expression (compared to that of all other cell lines) for the cell line of
765 interest. See Methods for the formula for buffering capacity calculation. (B) Predictive
766  performance shown as ROC curves for predicting genetic interactions using cell-specific
767  buffering capacity. Prediction sets consist of 84 data-points (37 unique genetically interacting
768  genepairs) across 8 cell lines with a C-score cut-off of 0.25. (C) Mean buffering capacity for
769  each tissue type (lower panel) and the corresponding proportion of enriched gene pairs for

770  each region (upper panel).

771

772  Figure 6. Harnessing cell-specific high C-score gene pairsfor cancer patient prognosis
773 (A) C-score plot of NAMPT dependency score and CALD1 gene expression (C-score = 0.447).
774  Yéelow circles represent central nervous system (CNS) cell lines and blue circles denote
775 leukemia cell lines. (B) Kaplan-Meier overall survival plots for CNS (LGG, lower grade
776  glioma, left panel) and leukemia (LAML, acute myeloid leukemia, right panel) cancer
777  patients. Patients were stratified by high (>75%) or low (<25%) expression of CALD1, and p-
778  values were calculated using Cox regression controlling for age, sex, pathological staging,
779 clinical staging, and tumor grade, and corrected for multiple testing (false discovery rate <
780 0.2). (C) AUC of ROC curves based on C-score gene pair-based prediction of survival for
781 each cancer type with different C-score cutoffs. Only the cancer types with at least one
782  dignificantly positive C-score cutoff and those containing more than 1% of genes predicting
783  patient survival with statistical significance are shown (* denotes p < 0.05).

784

785  Supporting I nformation Captions

786  Figure S1. Distribution of C-scores
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787 Figure S2. Corréation properties of G1 dependency score and G2 gene expression
788 according toincreasing C-score

789  Figure S3. Functional and pathway enrichments of C-scor e-identified duplicated genes
790  Figure $A. Shuffling the G2-tissue relationship disrupts G2 tissue-specificity

791 Figure Sb. C-score-based prediction of cell-specific genetic interaction using buffering
792  capacity

793 Figure S6. C-score-based prediction of cancer pathological stage, clinical stage and
794  tumor grade

795 Figure S7. Decreasing effects of mutational variation as C-scor e incr eases

796 Table Sl. List of combinatorial CRI SPR-screened gene pairsin published literature

797 Table S2. Cross-reference table for TCGA cancer type and DepM ap cancer type
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